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Physical human-robot interaction (pHRI) involves direct physical interaction be-
tween humans and robots, sharing a workspace and performing tasks involving
touch, force, and movement. Such interactions are essential for collaborative,
surgical, wearable, and rehabilitation robots. Human-in-the-loop (HiL) studies
are widely used in pHRI to develop safer, more collaborative, efficient, and per-
sonalized robots. HiL studies gather quantitative and qualitative evaluations
based on user experiences to iteratively improve robot performance and opera-
tion. However, data collected from participants in HiL optimization studies are
often limited due to fatigue and the limited attention span of users.

This thesis proposes sample-efficient Bayesian strategies for HiL optimization
and explores their novel applications in various pHRI domains. In particular,
this study (i) introduces Bayesian optimization (BO) based on qualitative user
preferences to optimize the perceived realism of haptic rendering under conflict-
ing haptic-visual cues. Then, it (ii) extends the Bayesian approach to compute
Pareto solutions in HiL multi-criteria optimization problems with qualitative
and quantitative performance metrics to customize the assistance level during



human motor learning tasks. Finally, (iii) it incorporates transfer learning to im-
prove the sample efficiency of HiL optimizations and demonstrates the improved
efficiency due to transfer learning during personalization of the assistance level
provided to various upper-extremity movements using a rehabilitation robot.

First, we develop a qualitative feedback-based HiL optimization technique us-
ing sample-efficient Bayesian optimization that leverages qualitative pairwise
comparisons and ordinal classifications. We apply this technique to investigate
visual-haptic cue integration during multi-modal haptic rendering under con-
flicting cues, establishing a systematic approach to determine the optimal visual
scaling for haptic manipulation to maximize the perceived realism of spring ren-
dering for a given haptic interface. Our results demonstrate that parameters af-
fecting visual-haptic congruency can be effectively optimized using our HiL opti-
mization technique, ensuring consistently high perceived realism. Consequently,
multi-modal perception can be successfully enhanced by solely adjusting visual
feedback without altering haptic feedback, thereby extending the range of per-
ceived stiffness levels for a haptic interface. We extend our findings to a group of
individuals to capture a multi-dimensional psychometric field that characterizes
the cumulative effect of feedback modalities utilized during sensory cue integra-
tion under conflicts.

Next, we extend HiL studies with multi-criteria BO, addressing the need for
considering multiple and often conflicting optimization objectives in pHRI ap-
plications. We propose a HiL Pareto optimization approach to characterize the
trade-off between the performance and the perceived challenge level of motor
learning tasks to be used in assist-as-needed control. Our optimization employs
a hybrid model that captures the user’s performance by a quantitative metric,
while the perceived challenge level is modeled as a qualitative metric gathered
through preference-based qualitative feedback. Once the trade-off is character-
ized via HiL Pareto optimization, we demonstrate how this trade-off can guide
the design of assist-as-needed training sessions of a motor learning task with
optimal assistance levels. Furthermore, we provide evidence that the trade-off
evolves as learning takes place, and the set of non-dominated solutions of multi-
criteria optimization can be used to fairly evaluate the training progress, even
when the user cannot perform the task without assistance. We show the feasi-
bility and usefulness of the proposed approach through a case study involving a
virtual manual skill training task administered to healthy individuals with hap-
tic feedback.

Finally, we further enhance our HiL methods by incorporating transfer learning
strategies to accelerate the convergence of the optimization, by leveraging data
from previous experiments. These strategies significantly improve sample effi-
ciency and reduce the need for extensive new data collection, addressing the im-
practicality of conducting HiL trials from scratch for each new task in pHRI ap-
plications. We demonstrate the applicability of transfer learning to multi-criteria
BO through a HiL experiment conducted to personalize the assistance levels for
robot-assisted upper-extremity rehabilitation with a diverse range of physical
movements. In these optimizations, we utilize a quantitative metric to evaluate



user effort and a qualitative metric to assess the user’s perceived comfort. Once
an initial Pareto curve is computed for a task through HiL optimization for the
personalized assistance levels, we transfer these outcomes to subsequent tasks
by correlating the similarities among physical tasks. This systematic method of
transferring knowledge eliminates the need for empirical or sample-dependent
correlation methodologies. Our results demonstrate that applying transfer learn-
ing can significantly accelerate HiL optimizations, making the HiL experiments
more efficient and effective.

Overall, this thesis introduces novel BO strategies that can significantly broaden
the scope of HiL solutions in pHRI applications, enhancing their applicability
and feasibility. By systematically demonstrating the proposed methodologies
across multiple HiL-based pHRI studies, this work not only showcases their ef-
fectiveness but also provides a comprehensive framework that can be adapted
for HiL studies in various other pHRI fields. The insights and techniques pre-
sented in this thesis serve as a valuable guide for future research and develop-
ment, paving the way for more efficient, personalized, and effective pHRI.
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robotları, fiziksel insan-robot etkileşimi

Fiziksel insan-robot etkileşimi (fİRE), insanlar ve robotlar arasında bir çalışma
alanını paylaşmayı ve insanla robot arasında güç iletimi gerektiren görevlerin
yerine getirilmesini içerir. Bu tür etkileşimler işbirlikçi, cerrahi, giyilebilir ve re-
habilitasyon robot uygulamaları için gereklidir. fİRE uygulamalarında, insanın
optimizasyon döngüsünde olduğu çalışmalar, daha güvenli, işbirlikçi, verimli
ve kişiselleştirilmiş robotlar geliştirmek için yaygın olarak kullanılmaktadır. İn-
sanın optimizasyon döngüsünde olduğu çalışmalarda, robot performansını sürekli
olarak iyileştirmek için kullanıcı deneyimlerine dayalı niceliksel ve niteliksel
değerlendirmeler toplanır. Ancak, bu tür çalışmalarda kullanıcıların yorulması
ve dikkat sürelerinin sınırlı olması gibi nedenlerle kullanıcılardan toplanabilen
veri miktarı kısıtlıdır.

Bu tez kapsamında, insanın optimizasyon döngüsünde olduğu çalışmalar için,
numune verimli Bayes stratejileri önerilip bu yöntemlerin çeşitli fİRE uygula-
malarındaki kullanımı araştırılmaktadır. İlk olarak, (i) çelişkili dokunsal-görsel
ipuçları altında gerçekleştirilen dokunsal oluşturmanın algılanan gerçekçiliğini
arttırmak için, niteliksel kullanıcı tercihlerine dayalı, Bayes optimizasyon (BO)
yöntemi önerilmekte; sonrasında, (ii) insanın motor öğrenmesini hızlandırmak



amacıyla uygulanan yardım düzeyini kişiselleştirmek için, çok kriterli bir opti-
mizasyon problemi ele alınmakta ve bu problemin çözümleri için, insanın op-
timizasyon döngüsünde olduğu ve hem niteliksel hem de niceliksel performans
ölçümlerini ele alan, yenilikçi bir Pareto Bayes yaklaşımı önerilmekte; son olarak,
(iii) insanın optimizasyon döngüsünde olduğu deneylerin numune verimliliğini
artırmak için, aktarımlı öğrenim yöntemi uygulanmakta ve bu yöntemin etkinliği
robot destekli üst ekstremite rehabilitasyonunda destek miktarının kişiselleştiril-
mesiyle gösterilmektedir.

İlk kısımda, ikili karşılaştırmalardan ve sıralı sınıflandırmalardan yararlanan,
numune verimli Bayes optimizasyonu ele alınmış ve insanın optimizasyon dön-
güsünde olduğu niteliksel geri bildirime dayalı bir yöntem geliştirilmiştir. Bu
yöntem, çelişen ipuçları altında çok modlu dokunsal oluşturma sırasında görsel-
dokunsal işaret entegrasyonunu araştırmak için uygulanmış ve bir dokunsal arayüz
ile yay oluşturmanın algılanan gerçekçiliğini en üst düzeye çıkarmak amacıyla,
en uygun görsel ölçeklendirmeyi belirlemek üzere sistematik bir yaklaşım olarak
ortaya konulmuştur. Sonuçlarımız, görsel-dokunsal uyumu etkileyen paramet-
relerin, önerilen yöntem kullanılarak, etkili bir şekilde artırılabileceğini ve tu-
tarlı şekilde yüksek bir algılanan gerçekçiliğin sağlanabileceğini göstermekte-
dir. Çok modlu algı, dokunsal geri bildirimi değiştirmeden yalnızca görsel geri
bildirimi ayarlayarak, başarılı bir şekilde değiştirilebilmekte ve böylece dokunsal
bir arayüz için algılanan sertlik seviye aralığı genişletilebilmektedir. Ayrıca bu
çalışmadan elde edilen sonuçlar genellenerek, bir grup bireyin çelişen ipuçları al-
tında duyusal işaret entegrasyonunda kullandığı yöntemlerin kümülatif etkisini
karakterize eden çok boyutlu bir psikometrik alan belirlenmiştir.

İkinci kısımda, fİRE uygulamalarında genellikle birden fazla ve birbiriyle çelişen
optimizasyon hedeflerine ihtiyaç duyulması nedeniyle, insanın optimizasyon dön-
güsünde olduğu çalışmalar için, karma performans ölçümlerine imkân veren,
yenilikçi bir Pareto BO yaklaşımı önerilmiştir. İnsanın optimizasyon döngü-
sünde olduğu Pareto yaklaşımı, motor öğrenme görevlerinde performans ile al-
gılanan zorluk seviyesi arasındaki ödünleşimi karakterize etmek ve kişiye özel
şekilde ihtiyaç kadar destek sağlamak için kullanılmıştır. Önerilen yaklaşım,
kullanıcının performansı için niceliksel ölçümlere, algılanan zorluk düzeyi içinse
niteliksel kullanıcı geri bildirimine dayalı karma bir model üzerinde çalışmakta
ve insanın optimizasyon döngüsünde olduğu Pareto yoluyla ödünleşimi karakte-
rize etmektedir. Çelişen hedefler arasındaki ödünleşim, motor öğrenme görevinde
ihtiyaç kadar desteğin belirlenmesine ve eğitim oturumlarında en uygun yardım
seviyelerinde destek sağlanmasına imkân vermektedir. Üstelik, öğrenme gerçek-
leştikçe ödünleşim değişime uğramaktadır ve farklı zamanlara karakterize edilen
Pareto çözümleri bu değişimi yakalayıp kullanıcının gelişiminin, yardım olmadan
öğrenme görevini gerçekleştiremediği durumlarda bile, adil bir şekilde değer-
lendirilebilmesini sağlamaktadır. Önerilen yaklaşımın uygulanabilirliğini, sağlıklı
bireylerle gerçekleştirilen sanal bir el becerisi eğitimi vaka çalışması aracılığıyla
gösterilmiştir.



Son kısımda, aktarımlı öğrenme stratejileri, insanın optimizasyon döngüsünde
olduğu yöntemlere eklenmiş ve önceki deneylerden elde edilen verilerden yarar-
lanılarak deneylerin numune verimi arttırılmıştır. Aktarımlı öğrenme strateji-
leri sayesinde, insanın optimizasyon döngüsünde olduğu fİRE uygulamalarında,
kapsamlı yeni veri toplama ihtiyacını azaltılmış ve farklı görevler içeren uygu-
lamaların daha etkin olarak yürütülebilmesi sağlanmıştır. Robot destekli üst
ekstremite rehabilitasyonu örnek bir uygulama olarak ele alınmış ve aktarımlı
öğrenmenin, insanın optimizasyon döngüsünde olduğu Pareto BO ile, farklı fizik-
sel tedavi egzersizleri için, hastaya uygulanan destek seviyelerinin belirlenmesinde,
etkin olarak uygulanabilirliği gösterilmiştir. Deneylerde, kullanıcı çabasını de-
ğerlendirmek için niceliksel bir metrik, kullanıcının algılanan konforunu değer-
lendirmek için ise niteliksel bir metrik kullanılmış ve fiziksel tedavi egzersizleri
için insanın optimizasyon döngüsünde olduğu deneyler aracılığıyla başlangıç
Pareto çözümleri hesaplanıp, bu çözümler hareketler arası benzerlikler doğrul-
tusunda farklı egzersizlere aktarılmıştır. Hareketler arası benzerlikleri baz alan
bu sistematik bilgi aktarım yöntemiyle ampirik veya numuneye bağlı korelasyon
metodolojilerine olan ihtiyacı ortadan kaldırılmıştır. Sonuçlarımız, aktarımlı
öğrenmenin insanın optimizasyon içinde olduğu deneyleri önemli seviyede hız-
landırarak süreci daha verimli ve etkili hale getirebileceğini göstermektedir.

Sonuç olarak, bu tezde, insanın optimizasyon döngüsünde olduğu yöntemlerin
kapsamı önemli ölçüde genişletilmiş ve bu yöntemlerin fİRE kapsamında uygu-
lanabilirliğini artıran yeni BO stratejileri önerilmiştir. Sunulan yöntemler daha
verimli, kişiselleştirilmiş ve etkili fiziksel insan-robot etkileşimlerini için gelecekte
bu alanda yapılacak çalışmalar için faydalı bir rehber niteliğindedir.



In loving memory of my father and to my beloved
family. . .
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Chapter 1

Introduction

Robotic systems are increasingly integrated with human activities to meet spe-

cific individual needs. Physical Human-Robot Interaction (pHRI) applications

are expanding across healthcare, education, entertainment, and collaborative

works.

Robots are utilized in rehabilitation and surgeries to automate and enhance

healthcare. Assistive robots, such as upper or lower limb exoskeletons, are em-

ployed in rehabilitation [1], sports training [2], and aiding with daily tasks. These

robots automate rehabilitation sessions, making them more feasible and reducing

the need for constant physiotherapist involvement. Similarly, surgical robots are

used in teleoperated surgeries to enable minimally invasive operations, allowing

human experts to perform medical procedures with greater precision. Further-

more, haptic interfaces are integrated with surgical robotics for bilateral tele-

operation, stimulating the sense of touch between the robot’s end-effector and

body tissue [3, 4].

Beyond their use in physical tasks, haptic interfaces are also used to stimulate

virtual realities [5, 6]. These interfaces are used for haptic rendering which is

a bilateral process making the dynamics of computationally rendered virtual

environments (VEs) apparent to a human user. In most haptic rendering ap-

plications, haptic interfaces are paired with visual displays to simulate physical

1
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interactions to increase perceived realism. Notably, haptic studies have many

promising applications in education such as robotic-guided medical training [7]

and motor-task learning, improving the user experience and training outcomes.

As promising studies in pHRI continue to grow, the integration of robots with

humans is becoming increasingly complicated, making personalization and human-

centered design more critical than ever. Given the psychological and physical

differences among individuals, humans can respond differently to the same set-

tings of interactive devices. This variability highlights the importance of de-

signing robotic systems to meet the unique needs and preferences of each user.

Moreover, for robots to be widely accepted and effectively utilized, they must

ensure that users feel both comfortable and safe during interactions. If a robot

induces discomfort or a sense of insecurity, it is unlikely to gain user trust or

widespread adoption.

To address the need for personalized and human-centered robotic systems, human-

in-the-loop (HiL) approaches provide generalizable methodologies by employing

online learning strategies [8, 9]. HiL approaches use human-sourced feedback to

sequentially improve overall performance by conducting human trials. In these

approaches, first, a human user experiences an interaction with a physical sys-

tem. Then, based on the experience, the user provides quantitative or qualita-

tive evaluations. These evaluations are processed by learning and optimization

methodologies to make the system better for the user.

However, the HiL approach presents several challenges that cause many tradi-

tional reinforcement learning (RL) methodologies to be inapplicable. Firstly,

individual-based objectives are often qualitative, including factors like safety, us-

ability, and comfort. Secondly, individual responses can vary significantly under

the same conditions, making simple aggregation of human evaluations impracti-

cal and leading to data insufficiency for traditional RL methods.

Humans often fail to evaluate pHRI systems numerically by specifying a reward

as their evaluation strategy can be unreliable during HiL trials. Also, empirically
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quantifying qualitative metrics may cause pHRI systems to find a way to ex-

ploit rewards in an unintended manner. Although humans assign numerical re-

wards inconsistently while evaluating the performance of a system, they evaluate

performance more consistently by providing qualitative feedback [10]. Mostly,

qualitative feedback is acquired from humans with classifications and preferences

by assigning discrimination tasks such as assigning a 2-alternative forced choice

(2AFC) or ordinal ranking tasks. In particular, while deciding if robot behavior

was "good" or "bad" during a HiL trial is an example of classification, deciding

between trials "A" and "B" by comparing them is an example of preference.

In many applications of pHRI systems, optimizing a single criterion is often in-

sufficient, as personalization requires balancing multiple design objectives, in-

cluding feasibility, usability, comfort, safety, and performance. These design cri-

teria frequently involve trade-offs as there are multiple metrics conflicting with

each other. For example, reducing the cost of a physical device might also lower

its performance. Similarly, enhancing user comfort could potentially compromise

device efficiency or complexity. Such paradigms highlight the intricate challenges

in personalizing pHRI systems, where the optimization process must consider

and balance multiple, often conflicting, objectives to achieve the best overall

outcome.

Besides the challenges with concurrent optimization objectives, another chal-

lenge in the HiL approach is insufficient available data. The convergence of learn-

ing and optimization includes sufficient sampling throughout the search space

to reduce the uncertainty. Furthermore, an increment in the dimensionality of

search space leads to more need for sampling known as the curse of dimension-

ality. Regardless of the objective of the HiL experiment, the available data are

often limited due to human involvement. As the participants’ energy, attention,

and patience are limited, excessive participation usually causes negative effects

on HiL approaches [11, 12]. For instance, if the trials of a wearable robot involve

doing a physical task with the robot, excessive trials may cause fatigue or if the

performance of the user is evaluated, then the reliability of the evaluations re-

duces as the user loses motivation to participate.
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HiL studies are highly affected by insufficient sampling problems leading to the

volume of the search space such as the curse of dimensionality. To reduce this

uncertainty effectively, sample-efficient learning and optimization strategies are

preferred in HiL studies [13]. Even more, HiL-related works have focused on

maximizing information from each iteration. For instance, there are methods

using information theory-based sampling strategies to predict the most beneficial

parameters [14, 15]. Transfer learning is another strategy to increase sample ef-

ficiency as it is used to avoid the "cold-start" problem which refers to disregard-

ing the usage of any built-in knowledge based on the prior experiment results.

We focus on Gaussian process (GP) models and Bayesian optimization tech-

niques for optimization and learning strategies for HiL systems. BO is a com-

monly used method in HiL-related works as it is a non-parametric, derivative-

free, global optimization method that can work with noisy inputs and provides

analytical traceability [16]. BO is often utilized by a GP model in which the de-

sign of the model highly affects the efficiency of the optimization.
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1.1 Contributions

In this thesis, we first introduce Bayesian optimization based on qualitative user

preferences to enhance the perceived realism of haptic rendering under con-

flicting haptic-visual cues. We also extend this study to rigorously capture the

multi-dimensional psychometric field, which characterizes the cumulative effect

of feedback modalities during sensory cue integration under conflicts.

Next, we apply Bayesian optimization to compute Pareto solutions in HiL multi-

criteria optimization problems, including qualitative and quantitative perfor-

mance metrics, to tailor the assistance level during human motor learning.

Finally, we employ transfer learning to enhance the sample efficiency of multi-

criteria HiL optimization and demonstrate its effectiveness in personalizing robot-

assisted upper-extremity rehabilitation.

The main contributions of this thesis can be summarized as follows:

• We have developed a systematic method to determine the optimal visual

scaling during multi-modal haptic rendering, maximizing the perceived re-

alism of spring rendering through sample-efficient HiL optimization based

on participants’ qualitative feedback.

• We have extended non-parametric psychophysical methodologies to in-

corporate a wider range of classifications, enabling the collection of more

information from users in each trial to build a more general and sample-

efficient approach. Then, we refined these methods to suit multi-modal

haptic rendering under visual-haptic incongruency, providing insights into

multi-modal sensory integration by capturing the underlying psychometric

field and perception thresholds.

• We have generalized our findings to a group of individuals to capture the

underlying multi-dimensional psychometric field, characterizing the cu-

mulative effects of feedback modalities utilized during sensory integration

under conflicting cues. Results include reliable estimates of just noticeable
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difference (JND) thresholds for stiffness under visual scaling and promi-

nent features of sensory integration.

• We have demonstrated that HiL optimization allows for the determination

of appropriate haptic-visual parameters, ensuring consistently high ratings

of perceived realism in multi-modal rendering and providing a systematic

and efficient means to study multi-modal sensory integration under con-

flicting cues.

• We have proposed a HiL Pareto optimization approach with hybrid (quan-

titative and qualitative) performance measures to characterize the trade-

off between the performance and the perceived challenge level of a motor

learning task.

• We have demonstrated how a sample design selection can be performed

over the set of non-dominated solutions characterizing the trade-off be-

tween the performance and the perceived challenge level to effectively guide

training with an AAN controller.

• We have proposed a novel and rigorous means of performance evaluation

under assistance, through comparisons of the trade-off curves characterized

at the different stages of training or among various users.

• We developed a novel methodology to transfer information from a HiL op-

timization to subsequent optimizations. Our approach customizes transfer

learning for HiL studies by emphasizing the influence of online data over

data obtained via earlier experiments. Furthermore, by characterizing the

similarities among tasks, our approach eliminates the need for empirical

and sample-dependent calculation of correlations.

• We have demonstrated the applicability of transfer learning boosted HiL

multi-criteria optimization to personalize the assistance level during robot-

assisted rehabilitation sessions.
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1.2 Outline

The rest of the thesis is organized as follows:

Chapter 2 reviews related works with the Bayesian optimization and active learn-

ing strategies for human-in-the-loop experiments in physical human-robot inter-

action.

Chapter 3 presents the necessary statistical background for developing a simple

Bayesian optimization model for both quantitative and qualitative metrics.

Chapter 4 presents an application of qualitative feedback-based Bayesian opti-

mization for a perceptual study for improving the realism of haptic interfaces.

The study presents a systematical method for increasing the realism of haptic

stimuli by manipulating visuals. The study explores visual and haptic cue inte-

gration by modeling the perceived realism of participants involved in HiL experi-

ments.

Chapter 5 introduces multi-criteria Bayesian optimization and its application in

developing an assist-as-needed training session with a force-feedback controller

for teaching a motor learning task in a virtual rendered environment. The study

includes a performance comparison with an adaptive staircase-based training

session.

Chapter 6 introduces a generalized transfer learning strategy to increase the effi-

ciency of Bayesian optimization by reducing HiL trials. Furthermore, this chap-

ter includes the application of transfer learning in developing personalized robot

assisted rehabilitation session.

Chapter 7 summarizes the main findings and contributions of this thesis and

discusses possible directions for future research, offering ideas on how our work

can be further developed and improved to tackle challenges in pHRI.



Chapter 2

Literature Overview

This chapter reviews related works with Bayesian learning and optimization

strategies and their applications in human-in-the-loop (HiL) experiments.

2.1 GP-Based Bayesian Optimization for a Quan-

titative Metric

Bayesian optimization (BO) is a sample-efficient global optimization approach

often used with costly objective functions [16, 17, 18]. It is an iterative process

that suggests parameters for trials and updates itself with the results of trials to

suggest more promising parameters.

BO often relies on Gaussian Process (GP) models to predict outcomes by treat-

ing the latent function as a Gaussian random process. GP models use machine

learning kernels to correlate parameters in the search space, predicting outcomes

based on their relationships with previously measured parameters [19]. BO uses

these GP predictions within acquisition functions to identify the most promising

parameters for suggesting in each iteration.

The development of GP-based Bayesian optimization is not new [20], and it

has many appliances in computer sciences such as hyper-parameter tuning of

8
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neural networks [21, 22]. However, it has recently gained popularity for real-

time human-in-the-loop (HiL) optimization of assistive robotic devices, as it

can significantly reduce the duration of these experiments. Bayesian optimiza-

tion is used for reducing the metabolic cost during usage of assistive robotic de-

vices [11, 12, 23], for which the evaluation of optimization metrics is costly or

the number of trials is constrained by human involvement.

Zhang et al. used HiL Bayesian optimization for real-time adaptation of ankle

exoskeleton [11]. Zahedi et al. [24] used Bayesian optimization to tune the vari-

able damping of a controller based on human interaction.

2.2 GP-Based Bayesian Optimization for a Quali-

tative Metric

GP-based Bayesian optimization approaches have been extended to active learn-

ing with classifications instead of quantitative measurements [19, 25, 26]. These

approaches often use a discriminative strategy [19] in which probabilistic func-

tions are employed from decision theory.

GP models for binary classifications with “yes/no” type feedback have been in-

troduced in [25] and it has been used for machine learning tasks such as image

classification [27]. The binary classification method has been extended to ordi-

nal classifications and later it has been extended to pairwise preferences in [26].

Pair-wise preferences are mostly selected in qualitative feedback-based GP appli-

cations as humans are more consistent with preference tasks than classification

tasks. However, one can use pair-wise preferences and classifications for training

the same GP model [28].

These GP-based Bayesian optimization approaches have been applied to HiL

psychophysics studies [29, 30, 31, 32, 33] and HiL reward learning studies for

personalization of robotic applications [14, 15, 28, 34]. Biyik [14] taught sim-

ple tasks to robots by using preference-based Bayesian active learning and an
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information theory-based sampling strategy. They demonstrated their method-

ology on reward learning-based HiL teaching. Tucker et al. [34] used a pair-wise

preference-based Bayesian optimization to optimize the lower-body exoskeleton.

Then, Tucker et al. [15] developed an efficient sampling methodology for high-

dimensional gait personalization. Li et al. [28] used both ordinal classification

and pair-wise preferences for HiL Bayesian optimization to tune the lower-body

exoskeleton. They also provided a probabilistic safe sampling strategy and they

use it to classify the safety of sampling space to avoid using unsafe parameters

in HiL trials.

Fewer studies use preference-driven optimization for haptic rendering [35] and

texture generation [36, 37]. Catkin et al. [35] proposed a preference-based HiL

Bayesian optimization method for spring and friction rendering, demonstrat-

ing its effectiveness in capturing user preferences and personalizing parameters

to enhance perceived realism. Their work showed that HiL optimization is an

efficient approach to studying the impact of haptic parameters on perceived real-

ism, even in multi-dimensional spaces.

2.3 GP-Based Multi-Criteria Bayesian Optimiza-

tion

Bayesian optimization approaches have been extended to solve multi-criteria

optimization problems [38, 39, 40, 41, 42, 43]. One means to address a multi-

criteria optimization problem is to use a weighted sum of the cost functions to

form a single aggregate cost function. Such scalarization approaches enable the

original multi-objective problem to be formulated as a single criterion optimiza-

tion problem. This approach has been applied to the Bayesian optimization set-

ting by utilizing an aggregate cost function or a scalarized acquisition function

for parameter sampling [39, 40, 44].
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However, in all scalarization methods, since the relative weights of each cost

function need to be pre-determined, the design preferences among the objective

functions must be assigned a priori, before gaining sufficient knowledge of the

trade-off involved.

On the other hand, Pareto optimization methods compute a set of non-dominated

solutions that correspond to optimal designs for different design preferences

among the optimizations metrics, and all such non-dominated solutions consti-

tute the Pareto-front [45, 46, 47].

Unlike the single-shot scalarization-based optimization methods, Pareto methods

fully characterize the trade-off among objectives. Once the Pareto-front solu-

tions are computed, the designer can study these solutions to get an insight into

the underlying trade-offs and make an informed decision to finalize the design by

selecting optimal solutions from the Pareto set.

Pareto-optimization approaches have also been applied in the Bayesian opti-

mization setting [38, 41, 42, 43]. Existing techniques can be loosely classified

as hyper-volume improvement approaches [38, 42], information-theoretic meth-

ods [43], and wrapper methods via single-objective acquisition functions [41, 48].

In the hyper-volume improvement, the relative improvement amounts of all la-

tent functions are estimated and multiplied with each other to find a hyper-

volume. Then the sample point expected to produce the largest hyper-volume

is selected. Hyper-volume improvement methodologies often use a multi-criteria

extension of the expected improvement acquisition function to produce an effec-

tive sampling strategy [38, 42].

The information-theoretic methods derive a single acquisition function to maxi-

mize information gain for all objectives [43].

The wrapper methods utilize a multi-criteria optimizer to compute a surrogate
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Pareto front characterizing the trade-off between the conflicting acquisition func-

tions and sample parameters. Belakaria et al. used a sampling decision strat-

egy among parameters in the Pareto front based on the highest volumetric vari-

ance [41, 48]. Recently, Astudillo et al. developed a novel multi-criteria frame-

work for qualitative feedback-based Bayesian optimization [49].

2.4 Transfer Learning Approaches for GP-Based

Methods

Applications in GP models in geophysics known as kriging [50] developed sys-

tematical extensions for sampling regions using correlated data. These exten-

sions are generally known by cokriging models in which multiple kriging models

are correlated with each other using variogram techniques.

Intrinsic coregionalization model (ICM) is a commonly used technique in cok-

riging [51]. ICM approach develops a latent function from the weighted sum of

dependent latent functions in which each latent function requires the use of the

same kernel function [52]. A generalized version of the ICM model, the linear

coregionalization model (LCM), was developed to avoid restrictions for using the

same kernel function.

Cokriging methodologies are adopted by GP regression-based machine learn-

ing and optimization techniques for modeling latent functions [53]. These multi-

output GP models are commonly known as multi-tasking GP models [52, 54,

55]. Bonilla et al. used a kernel-based multi-tasking approach. Then Bonilla et

al. developed a data-based correlating method between GP models using max-

imum likelihood estimation [52]. Golovin et al. suggested simplifying coregion-

alization models by only transferring pre-trained GP models to estimate a prior

mean for the current GP model [56].

Due to the inclusion of large datasets, multi-tasking GP models are often used

along with approximation methods to be a computationally feasible methods.



Literature Overview 13

The Subset of regressor and projected process approximation is commonly used

to divide a dataset into two parts and condition one part to another to trans-

fer knowledge of the first dataset to the second one and using only the second

one for computations [19]. These methodologies usually choose the division of

datasets in an online manner [57]. Bayesian committee machine is another com-

monly used approximation methodology that divides datasets into many to train

weaker GP models and combines predictions of each model with a Bayesian-

based adaptive weighting method [58].

Alternative to multi-tasking GP approaches, more complex methodologies such

as Semi-parametric approaches are developed for the Multi-tasking model [59,

60]. These approaches create an initial baseline based on either GP models or

parametric functions.

Multi-tasking GP methodologies are used in Bayesian optimization to trans-

fer offline data to an online GP model [61, 62]. This methodology is used in

hyper-parameter tuning for complex machine learning models where measur-

ing the performance of each hyper-parameter combination is excessively time-

consuming [63]. Lübsen et al. developed a safety-focused sampling strategy for

multi-tasking and transfer learning-based BO models [64].



Chapter 3

Preliminaries

This chapter includes the necessary information on the statistical background of

GP-based Bayesian optimization methodologies. Based on the provided equa-

tions, one can build a simple GP model for both quantitative and qualitative

metrics, tune the model automatically using the collected data and use the mo-

del for Bayesian optimization. More advanced knowledge on Bayesian optimiza-

tion strategies are given in the latter chapters.

3.1 Probability Background

3.1.1 Bayes Rule

Let A and B be two random events, then conditional probability of A given that

B is true denoted by P (A|B)

P (A|B) =
P (A|B)P (A)

P (B)
(3.1)

14
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3.1.2 Expected Value

Expected value is commonly used to find the mean and variance of a distribu-

tion. Let f be a continuous distribution with probability density function P (f),

then its mean is calculated by

E(f) =

∫ ∞

−∞
fP (f)df (3.2)

Variance of f denoted by var(f) is calculated by V ar(f) = E(f 2)−E(f)2 where,

E(f 2) =

∫ ∞

−∞
f 2P (f)df (3.3)

3.1.3 Marginalization

Let P (f, g) be the joint probability of two random variables, f and g, with con-

tinuous distributions. Then, the marginal probability of P (g) is found by

P (g) =

∫ ∞

−∞
P (g)P (f)df (3.4)

The marginalization is also expressed as the expected value of P (g) with respect

to f .

E(P (g))f =

∫ ∞

−∞
P (g)P (f)df (3.5)

3.1.4 Gaussian Distribution

Let f be a random variable with a Gaussian distribution. Then, f has a univari-

ate Gaussian probability distribution function, f ∼ N(µ, σ) with a probability

distribution function as shown below.

P (f) =
1

σ
√
2
e−

(f−µ)2

2σ2 (3.6)
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3.1.5 Gaussian Process

Gaussian process (GP) is a type of random process used to model signals and

functions via multi-variate Gaussian distribution.

Let f be a vector with n Gaussian random variable. Then, f has multivariate

Gaussian distribution f ∼ GP (µ,Σ)

P (f) =
1

(2π)
n
2 |Σ| 12

e−
1
2
(f−µ)T Σ−1 (f−µ) (3.7)

The covariance matrix Σ is shown as:

Σ =


σ(f1, f1) · · · σ(f1, fn)

... . . . ...

σ(fn, f1) · · · σ(fn, fn)

 (3.8)

where the diagonal elements show the variances of each random variable and

non-diagonal elements show the covariances.

3.2 Gaussian Processes Regression

Let x = {x1, x2, .., xn} be a set consist of n input parameters and Dy = {y1, y2, .., yn}

be a data set consist of n observed outputs. GP regression aims to create a non-

parametric latent function f(x) with a Gaussian process to find a relationship

between the input parameter set x and output data set Dy. Furthermore, it

aims to estimate an output f(x∗) for any arbitrary input parameter x∗.

f(x) has a prior distribution represented by a Gaussian process.

f(x) ∼ GP (µ, K) (3.9)
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In Eqn. (3.9), µ is used to define an initial mean for the prior distribution, and

K is used to define an initial covariance matrix. K is defined by a kernel matrix

in which each element is created by a kernel function.

K =


k(x1, x1) · · · k(x1, xn)

... . . . ...

k(xn, x1) · · · k(xn, xn)

 (3.10)

The radial basis function (RBF) kernel is one of the commonly used kernels in

GP regression methods.

The RBF kernel is defined as:

k(xi, xj) = σ2
rbfe

−θrbf (xi−xj)
T (xi−xj) (3.11)

σrbf and θrbf are the hyper-parameters of RBF kernel in which σrbf is used to

define magnitude of the covariance. θrbf is used to define the dependency be-

tween f(xi) and f(xj). One can increase the smoothness of the function by de-

creasing the value of θrbf . σrbf can be any real number except zero while θrbf

must be a positive real number.

3.2.1 GP Regression for Noisy Observations

In many applications of GP regression, each output observation yi in Dy is com-

monly assumed to be convoluted with Gaussian white noise ϵi ∼ N(0, σ2
w).

yi = f(xi) + ϵi (3.12)

The white noise assumption is used when the numerical observations are sus-

pected to be noisy or reduce over-fitting and numerical calculation errors. While

the white noise does not affect the mean of the initial distribution, it affects the
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covariance matrix. Let Knoisy represent the noise-added version of the kernel

matrix. Then, Knoisy is found by: ϵi ∼ N(0, σ2
w).

Knoisy = K + σ2
wI (3.13)

3.2.2 Bayesian Inference for GP Regression

The prior distributions of f(x) and f(x∗) are given as:

 f(x)

f(x∗)

 ∼ Gp

 µ

µ∗

 ,

K kT
∗

k∗ k∗∗

 (3.14)

In Eqn. (3.14), k∗ = k(x∗, x1:n) is a vector of kernel function values between

parameter x∗ and parameters in x and k∗∗ denotes k(x∗, x∗). µ and µ∗ denotes

prior mean values.

By using the numerical observations Dy, posterior distribution of f(x∗) is found

by using a Bayesian approach. Accordingly, the posterior distribution of f(x∗)

has a Gaussian distribution and denoted as f(x∗)|Dy .

f(x∗)|Dy ∼ GP
(
µ∗|y, σ

2
∗|y
)

(3.15)

µ∗|Dy = µ∗ + k∗(K + σ2
wI)

−1(Dy − µ)

σ2
∗|Dy

= k∗∗ − k∗(K + σ2
wI)

−1kT
∗

In Eqn. (3.15), If the observations, Dy are not noisy, then σ2
wI becomes zero.

3.3 Qualitative Feedback-based Gaussian Process

Let x = {x1, x2, .., xn} be a set consisting of n input parameters and Dq =

{q1, q2, .., qn} be the data set consist of users preferences and classifications based
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on a qualitative metric. The qualitative feedback-based GP model aims to find

a quantified relationship between input parameters x and given qualitative data

Dq.

We first model an initial latent function f(x) a standardized Gaussian process

model.

f(x) ∼ GP (µ,K) (3.16)

Then, we model a probability function to relate latent function f(x) with the

user’s preferences and classifications. By using the user’s qualitative feedback,

we estimate a posterior distribution for the latent function. Let P (D|f) be the

probability of total qualitative feedback data for a given latent function.

P (f(x)|Dq) ∝ P (Dq|f(x))P (f(x)). (3.17)

3.3.1 Modeling User’s Qualitative Feedback

Let qi be the ith qualitative feedback of a user and P (qi|f) be the probability of

occurrence of qi based on the latent function. Assuming that each feedback is

independent from each other, then P (Dq|f) is found by

P (Dq|f(x)) =
n∏

i=1

P (qi|f(x)) (3.18)

For modeling probabilities for qualitative feedback, we preferred to use a nor-

mal distribution cumulative density function (CDF) Φ. One can prefer to use a

sigmoid function instead of a normal CDF.

3.3.1.1 Probability Function for Binary Classifications

Let B = {b1 = −1, b2 = 1} represent the binary classification corresponding to

any type of "yes/no" decision. For example, if the acquired answer is "yes," the
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parameter xi is classified as b2; otherwise, it is classified as b1. Let ϵb be Gaus-

sian white noise with variance c2b , which affects the user’s decision. The parame-

ter xi is then classified as bj, as shown below.

P (qbi = bj|f(xi)) = Φ

(
bjf(xi))

cb

)
(3.19)

3.3.1.2 Probability Function for Ordinal Classifications

Let O = {o1, o2..., or} be the finite set of r ordinal classifications and toj be the

threshold of each ordinal classification −∞ = to0 < to1 < to2 < · · · < tor = ∞.

Let ϵo be a Gaussian white noise with variance c2o, affecting the user’s decision

while classifying. Then, the probability for parameter xi belonging to the othj

ordinal class is defined as

P (qoi = oj|f(xi)) = Φ

(
toj − f(xi))

co

)
− Φ

(
toj−1 −f(xi)

co

)
(3.20)

where co is the noise level constant. To reduce this model to binary classification

one can select a single threshold t1 = 0

3.3.1.3 Probability Function for Pairwise Preferences

Let ϵp be a Gaussian white noise with variance c2p. Then, the probability of par-

ticipants preferring xi1 over xi2 for a given latent function f is defined as

P (qpi = (xi1)≻(xi2)|f(x))=Φ

(
f(xi1 )− f(xi2 )

cp

)
(3.21)

3.3.2 Laplace Approximation for Posterior Distribution

The aim of finding the posterior distribution of P (f(x)|Dq) is to make estima-

tions for the latent function distribution of any arbitrary parameter x∗ in our

search space. However, the exact distribution of Posterior, P (f(x)|Dq) is not
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Gaussian. Hence, the posterior distribution of a latent function of f(x∗|Dq) is

not analytically tractable.

To estimate f(x∗|Dq) analytically there are multiple approximation method ex-

ists. Commonly used methodologies are expectation propagation EP and the

Laplace approximation. We chose to use the latter one.

The Laplace method is used to approximate the posterior distribution of P (f(x)|Dq)

as a multi-variate Gaussian distribution. The Laplace approximation uses second-

order Taylor expansion of posterior distribution around its mode [19]

f(x)|Dq ∼ GP (f̂ , (W +K−1)−1) (3.22)

f̂ = argmaxf(x) (log(P (Dq|f(x))P (f(x)))) (3.23)

where W is the negative Hessian of log(P (Dq|f(x))) defined as

Wij = −
∂2 log(P (Dq|f(x))

∂f(xi) ∂f(xj)
.

3.3.3 Bayesian Inference for Qualitative Feedback based

GP

From the posterior distribution of f(x)|q = f|Dq , the output of the latent func-

tion f(x∗) = f∗ for any arbitrary parameter set x∗ ⊂ X can be estimated. Let

f∗|Dq be the estimated output of the latent function for an arbitrary parameter

set x∗ based on information of q. Then, f∗|Dq is another Gaussian distribution

that can be found by marginalization.

P (f(x∗)|Dq)=

∫ ∞

−∞
(P (f(x∗)|f(x), q)P (f(x)|Dq)) df(x) (3.24)

The result of the integral in 3.24 is given as
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f∗|Dq ∼ GP (f ;E(f∗|Dq), V ar(f∗|Dq)) (3.25)

with

E(f∗|Dq) = k∗K
−1f̂

V ar(f∗|Dq) = k∗∗ − k∗ (K +W−1)−1kT
∗ .

where k∗ = k(x∗, x1:n) and k∗∗ = k(x∗, x∗).

3.3.4 Estimating Qualitative Feedback

The Eqn. (3.25) can be further extended to develop a probability function to

predict outcomes of user qualitative feedback q∗ for an input parameter x∗.

P (q∗|Dq) =

∫ ∞

−∞
P (q∗|f∗)P (f∗|Dq)df∗ (3.26)

3.3.4.1 Estimating Classifications

The posterior probability of classifying an arbitrary parameter x1∗ as othj class,

denoted with the probability P (qo∗ = oj|Dq)

P (qo∗ = oj|Dq) = Φ

(
toj − E(f∗|Dq)√
V ar(f∗|Dq) + c2o

)
− Φ

(
toj−1 − E(f∗|Dq)√
V ar(f∗|Dq) + c2o

)
. (3.27)

For the binary case, when there are two ranking j = 1, 2, thresholds of ordinal

classification become O = {o0 = −∞, o1 = 0, o2 = ∞}. When the user provides

classification as positive, j = 2, Eqn. (3.27) reduces to

P (qo∗ = oj|Dq) = 1−Φ

(
−E(f∗|Dq)√

V ar(f∗|Dq) + c2o

)
= Φ

(
E(f∗|Dq)√

V ar(f∗|Dq) + c2o

)
. (3.28)
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When the user provides classification as negative, j = 1, Eqn. (3.27) reduces to

P (qo∗ = oj|Dq) = Φ

(
−E(f∗|Dq)√

V ar(f∗|Dq) + c2o

)
. (3.29)

3.3.4.2 Estimating Pairwise Preferences

The posterior probability of preferring an arbitrary parameter x1∗ over the refer-

ence x2∗, denoted with probability P (x1∗ ≻ x2∗|Dq).

Let ∆∗ be the difference between latent scores f(x1∗) − f(x2∗). For known a

known difference ∆∗, the preference probability of the user is modeled as

P ((x1∗ ≻ x2∗|∆∗) = Φ(∆∗/cp) (3.30)

The posterior distribution of latent score difference, ∆∗ has a Gaussian distribu-

tion with mean E(∆∗|Dq) and variance V ar(∆∗|Dq).

E(∆∗|Dq
) = E(fx1∗|Dq

)− E(fx2∗|Dq
) (3.31)

V ar(∆∗|Dq
) = V ar(fx1∗|Dq

) + V ar(fx2∗|Dq
)− 2Cov(fx1∗|Dq

, fx2∗|Dq
) (3.32)

The mean and variance of ∆f|Dq is found using Eqn. (3.25). Then, P (x∗ ≻

xref |Dq) is estimated with

P (x1∗ ≻ x2∗|D) =

∫ ∞

−∞
Φ(∆∗/cp)P (∆∗|Dq)d∆∗ (3.33)

and the result of this integration is denoted as

P (x1∗ ≻ x2∗|Dq) = Φ

 E(∆∗|Dq)√
V ar(∆∗|Dq) + c2p

. (3.34)
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3.4 Hyper-Parameter Tuning

Both GP regression and qualitative feedback-based models include hyper-parameters

for modeling a latent function. These hyper-parameters can be defined by heuris-

tic or empirical approaches or tuned systematically using acquired data D which

consist of either numeric observations Dy or qualitative feedback Dq. In this sec-

tion, we discuss the implementation of Maximum Likelihood Estimation (MLE)

to statistically tune GP model hyper-parameters.

The goal of the MLE approach is to find a hyper-parameter set, θhyp that max-

imizes log-likelihood log (P (D|θhyp)). As the evaluation of log (P (D|θhyp)) is

generally costly, gradient-based search strategies are commonly used to find the

maximum value of log (P (D|θhyp)).

3.4.1 Hyper-Parameter Tuning for GP Regression

Let the prior GP model be defined as GP (µy, Ky) where µy is the prior mean

and Ky is the prior covariance matrix where Ky can be noisy. Let quantitative

data Dy represented by a vector y with a size of n.

log (P (Dy|θhyp)) = −
1

2
(µ0 − y)T (Ky)

−1(µ0 − y)− 1

2
log(|Ky|)−

n

2
log2π (3.35)

Let θj be the jth hyper-parameter that we want to find by MLE and let’s as-

sume that no hyper-parameters are used in the prior mean. Then, the gradient

of log (P (Dy|θhyp)) is calculated as below.

∂

∂θj
log (P (Dy|θhyp)) =

1

2
(µ0 − y)TK−1

y

∂Ky

∂θj
(µ0 − y)− 1

2
tr(K−

y 1
∂Ky

∂θj
) (3.36)
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where tr denotes the trace of the matrix. This method is commonly used to

tune kernel hyper-parameters such as σrbf and θrbf shown in Eqn. (3.11) as well

as the standard deviation of white noise convolution σw.

3.5 Hyper-Parameter Tuning for Qualitative Feed-

back GP

Similar to the hyper-parameter tuning approach used in Section 3.4.1, MLE is

used to tune hyper-parameters based on the qualitative feedback data.

Let prior GP model defined as GP (0, Kq) and posterior GP model derived ac-

cording to Eqn. (3.17) defined as GP (f̂ , (Kq + W−1)−1) where Kq is the prior

covariance matrix without noise addition. Let qualitative feedback data Dq and

f̂ have a size of n. Then, the log-likelihood is calculated as shown below.

log (P (Dq|θhyp)) = −
1

2
(f̂)T (Ky)

−1(f̂) + log
(
P (Dq|f̂)

)
− 1

2
log(|B|)− n

2
log2π

(3.37)

where B = I +WK and W is the negative Hessian, W = −∇∇log(P (q|f̂)).

Let θj be the jth hyper-parameter that we want to find by MLE and let’s as-

sume that no hyper-parameters are used in the prior mean. Then, the gradient

of log (P (Dq|θhyp)) is calculated as below.

∂log (P (Dq|θhyp))

δθj
=

∂log (P (Dq|θhyp))

δθj
|explicit +

n∑
i=1

∂log (P (Dq|θhyp))

δf̂i

∂f̂i
∂θj

(3.38)
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The terms used in Eqn. (3.38) expanded as

∂log (P (Dq|θhyp))

δθj
|explicit =

1

2
f̂K−1∂K

∂θj
K−1f̂ − 1

2
tr

(
(K−1 +W )−1)

∂K

∂θj

)
∂log (P (Dq|θhyp))

δf̂i
= −1

2
[(K−1 +W )−1]ii

∂3

∂f̂ 3
i

log(P (Dq|f̂))

∂f̂i
∂θj

= (I +KW )−1∂K

∂θj
∇log(P (Dq|f̂))

3.6 Bayesian Optimization

The Bayesian optimization uses the GP model of the latent function as defined

in the Sections 3.2 and 3.3.

Algorithm 1 Pseudo-code for Simple Bayesian Optimization
initiate S: Parameter space, f ∼ GP (µ0, σ0): GP prior, M : Space-filling itera-

tion number , N : Total iteration number
1: for i=1, 2, . . . , N do
2: if i ≤M then
3: Select xi from S according to space-filling strategy
4: else
5: Select xi where xi maximizes acquisition function
6: Observe outcome data di and append it to D
7: Update posterior distribution of f using all observed data, D
8: Return a solution, xmax where f(xmax) has the largest posterior mean

Algorithm 2 presents the simple implementation of Bayesian optimization and

its steps at each iteration: The first M iterations are conducted to explore the

search space via space-filling methods (Lines 1–4); Then, for the next N − M

iterations, the algorithm suggests a parameter using the acquisition function

(Line 5). Next, the suggested parameter is used in the HiL experiment trials

and the corresponding outcome data is observed (Line 6). Then, the algorithm

updates its GP posterior using all available data (Line 7). When the trials end,

the algorithm suggests a globally optimized solution (Line 8).
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3.6.1 Space-Filling Methods

Space-filling methods are applied in Bayesian optimization to have an initial

guess about the search space. Commonly used approaches are random sampling,

Sobol sampling and Latin hyper-cube.

3.6.2 Acquisition Function

The acquisition function is a heuristic approach used to sample a parameter

more efficiently. Two important concepts of acquisition function are exploration

and exploitation. Exploration allows the acquisition function to sample from dif-

ferent regions of search space while exploitation makes the acquisition function

focus sampling in an optimal area. Hence, a trade-off between exploration and

exploitation exists while designing an acquisition.

Commonly used acquisition functions are listed below.

3.6.2.1 Thompson Sampling (TS)

TS is a commonly used method for multi-armed bandit problems. TS randomly

sample from the posterior random process distribution and selects a parameter

corresponding to largest value in sampled process.

3.6.2.2 Upper Confidence Bound (UCB)

UCB chooses the largest parameter with an upper confidence interval threshold

calculated using the latent function’s posterior distribution.

αUCB(x∗) = µ(x∗) + c σ(x∗) (3.39)

where µ(x∗) denotes the mean of f(x∗), σ(x∗), is the standard deviation of the

posterior probability distribution of f(x∗), and c is a constant hyper-parameter
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used to define the exploration/exploitation ratio. As c increases (decreases) the

weight of the standard deviation increases (decreases) thus, the sampling algo-

rithm focuses more on exploration (exploitation).

3.6.2.3 Expected Improvement (EI)

EI acquisition function uses a probabilistic approach to find the expectancy of

possible improvement from the best-sampled parameter.

αEI(x) = (E(f(x))max−µ(x∗))Φ

(
E(f(x))max − µ(x∗)

σ(x)

)
+σ(x)N

(
E(f(x))max − µ(x)

σ(x)

)
(3.40)

where one can select E(f(x))max as the maximum expectation value from the

posterior distribution of observed parameters or use ymax if the observations are

qualitative. If all values of αEI(x) are negative, the GP model is assumed to be

converged.



Chapter 4

HiL Optimization of Perceived

Realism of Multi-Modal Haptic

Rendering under Conflicting

Sensory Cues

In this chapter, we introduce a novel application of Bayesian optimization in

visual-haptic studies for learning and increasing perceived realism.

4.1 Introduction

Humans receive real-world sensory cues through various feedback channels, com-

bining complementary (non-redundant) signals and integrating redundant sig-

nals to form a coherent multi-sensory percept. This process results in a robust

perceptual model of the world [65]. Bayesian models are commonly used to un-

derstand how sensory signals are (partially) integrated, offering insights into

the neural mechanisms involved in perceptual decision-making [66]. Strong ev-

idence in the literature suggests that neural mechanisms across a population of

29
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neurons implement sensory integration similar to maximum likelihood estima-

tion. (MLE) [65]. During sensory integration, a percept is obtained through a

weighted linear combination of redundant sensory signals. When these weights

correspond to the (perceived) reliability of the signals, the most reliable per-

cept is achieved. [65, 67]; otherwise, in terms of MLE, the result is considered

sub-optimal. Furthermore, as the reliability of a signal decreases, its weight in

the sensory integration process is also reduced, resulting in a shift in the domi-

nant sensory modality, with the most reliable signal making the largest contri-

bution to the percept. [68, 69, 70]. Additionally, when the discrepancy among

sensory signals becomes significant, the reliability of the multi-sensory estimate

may drop below that of a single-sensory (uni-modal) estimate. In such cases, the

discrepant source may be excluded, or vetoed, rather than integrated into the

perceptual model [65, 69, 71, 72].

Since independent sensory cues are required for optimal MLE-like integration

behavior, its applicability for modeling conflicting cues is limited. In particular,

while the MLE model is likely to stay valid for small and hard-to-detect discrep-

ancies along the dimension of interest, this model of sensory integration fails to

account for the breaking down of cross-modal interactions when information pro-

vided by each modality is highly conflicting [73, 74].

Several extensions of the MLE model exist in the literature that can account

for the partial integration of cues across a wide range of inter-modal discrep-

ancies and stimulus conditions [75, 76]. For instance, [75] utilizes prior knowl-

edge about the correspondence between multi-modal cues when determining the

degree of integration, while the causal inference model [76] considers possible

causes of the underlying sensory events to enable partial integration.

Haptic perception mainly depends on the fusion of force-related cues and movement-

related cues, which are complementary. Moreover, visual feedback commonly ac-

companies the haptic perception of movement, providing additional movement-

related cues that are known to dominate other modalities under many circum-

stances [77, 78]. During the integration of visual and haptic sensory inputs, the
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Figure 4.1: A schematic representation of visual-haptic sensory integra-
tion and combination to form a coherent compliance percept. In the figure, τ
denotes the torque resulting from the rotation θ of the object. Symbol θh rep-
resents the haptic perception of movement cues, while τh denotes the haptic
perception of force-related cues. The visual cues due to the scaled movement
displayed on the monitor are denoted by θv, while the scaling factor is cap-
tured by the C/D ratio. Finally, Kp denotes the perceived stiffness formed by

(partial) integration and combination of multi-modal cues.

percept has been shown to depend on each cue [65, 69], while the integration

process may be suboptimal from a maximum reliability perspective [79, 80].

Haptic rendering is the bilateral process that makes the dynamics of computa-

tionally mediated virtual environments (VEs) apparent to a human user through

a haptic interface. Haptic interfaces are commonly complemented with a visual

display to improve immersion levels. Haptic rendering aims to maximize the per-

ceived realism of the VEs by ensuring the perceived similarity of the rendering

with respect to the reference model; however, high-fidelity rendering is restricted

to a limited range of VEs due to underlying hardware limitations, such as the

maximum force output or the minimum force resolution.

During a typical haptic rendering task, sensory information provided by the hap-

tic interface and the visual display include both complementary and redundant

cues. Movement-related percepts are generally formed through the integration

of cues provided by both haptic and visual modalities [79], as depicted in Fig-

ure 4.1. Furthermore, it is possible to induce a controlled discrepancy between

haptic and visual movement cues by introducing a scaling factor, called control-

display (C/D) ratio, to the visual feedback provided during haptic rendering.
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Haptic perception of a virtually mediated object under visual-haptic congruency

has been of considerable interest, since it has been demonstrated that visual

cues can override haptic feedback in displacement-related tasks, indicating the

potential of visual manipulation to improve haptic rendering experiences [77].

Such approaches are commonly utilized for pseudo-haptics [81]. In the litera-

ture, it has been demonstrated that perceived compliance/stiffness can be in-

creased by scaling the visual displacements [77, 82, 83, 84, 85, 86]. Similar ap-

proaches have also been applied to other haptic rendering tasks, such as render-

ing weight [78] and surface roughness [87, 88].

Overall, it is possible to capitalize on the multi-modal and redundant nature

of the movement-related cues to enhance the perceived rendering range of any

haptic interface by manipulating the visual cues. However, it remains an open

challenge to determine the proper level of visual scaling to achieve the most real-

istic haptic rendering for a user. This goal necessitates an understanding of the

psychometric model of multi-modal haptic rendering under conflicting sensory

cues.

In this study, we explore the visual-haptic cue integration and propose a system-

atic means to determine the optimal visual scaling during haptic manipulation

that maximizes the perceived realism of multi-modal spring rendering. Our ap-

proach is rooted in sample-efficient human-in-the-loop (HiL) optimization, where

the rendering parameters are iteratively updated based on participants’ qualita-

tive feedback.

We extend our results to a group of individuals to capture the underlying multi-

dimensional psychometric field that characterizes the cumulative effects of feed-

back modalities utilized during sensory integration under conflicting cues. Our

results not only provide reliable estimates of just noticeable difference (JND)

thresholds for stiffness under visual scaling but also capture several prominent

features of sensory integration.

Overall, we demonstrate that the HiL optimization approach allows for the de-

termination of appropriate haptic-visual parameters. This ensures a consistently
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high rating of perceived realism of multi-modal rendering. Additionally, it pro-

vides a systematic and efficient means to study multi-modal sensory integration

under conflicting cues.

4.2 Related Work

The HiL setting where participants provide feedback in each trial is commonly

employed by standard methods of classical psychophysics, such as the method of

constant stimuli and the method of limits. However, these studies are not well-

suited for evaluating stimuli with more than one dimension because the number

of trials grows exponentially with the number of dimensions and the number of

points per dimension [89]. Accordingly, several adaptive techniques, predomi-

nantly based on Bayesian methods, have been developed to achieve similar accu-

racy with classical psychophysics methods while using fewer trials [90].

Bayesian-based adaptive learning and optimization approaches have been used

for psychophysics studies [29, 30, 91, 92, 93, 94, 95, 96, 97]. These methodolo-

gies can be loosely categorized as parametric and non-parametric approaches.

4.2.1 Parametric Approaches

The well-known adaptive methods, such as QUEST [91], and Psi [92], rely on

the assumption that a parametric model for the psychometric function consis-

tent with Weber’s law exists. These parametric approaches assume that the

stimulus varies on only one dimension and utilize a Bayesian update strategy

to achieve sample efficiency. However, the extension of these methods to multi-

dimensional stimuli is limited, as they evaluate any additional dimensions inde-

pendently resulting in an inefficient search strategy over one-dimensional slices

of the multi-dimensional psychometric field.

QUEST+ [94] and Psi-marginal [93] are more general parametric approaches

that support multi-dimensional models but require the parametric form of the
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psychometric field to be specified a priori. However, the extension of one-dimensional

psychometric curves to multi-dimensional psychometric fields is not straightfor-

ward, as there may exist nonlinear interactions between the additional variables

and saturation behavior at low and high intensities [32].

Furthermore, since all parametric methods strongly depend on the model in-

troduced before data collection, the conclusions that can be drawn from these

approaches become limited if data violates the underlying assumptions of the

model.

4.2.2 Non-parametric Approaches

Non-parametric approaches have been introduced to remove strong assumptions

about the shape of the multi-dimensional psychometric fields, by modeling the

psychometric function using a stochastic process. In most cases, a Gaussian pro-

cess (GP) serves as a sample-efficient non-parametric model for complex func-

tions [29, 30]. Furthermore, non-parametric approaches replace dense sampling

with efficient active learning schemes, significantly improving the applicabil-

ity of these methods for psychometric studies with multivariate stimulus set-

tings [29, 30, 95, 96, 97].

The classical implementation of GP-based Bayesian optimization has been de-

veloped for quantitative metrics and is not directly applicable to qualitative

evaluations. On the other hand, psychophysical studies are dominantly based

on “yes/no” type classification tasks and most HiL optimization studies rely on

qualitative comparative feedback from users to enhance the reliability of subjec-

tive metrics [10].

In this study, we utilize a non-parametric Bayesian optimization approach, as

this selection allows us to model the multi-dimensional psychometric field be-

tween the rendering parameters and perceived realism without assuming a fixed
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parametric form. Our work is built upon the existing GP-based HiL optimiza-

tion approach presented in [34, 35], since GP-based models are multi-dimensional

by default and are flexible enough to model correct saturation behaviors.

While previous non-parametric psychophysical studies used either binary classi-

fications [30, 32] or pairwise preferences [29, 33] as the qualitative feedback from

the users, in this study, we extend this methodology to use a wider range of clas-

sifications to get more information from the user in each trial, such that we can

build a more general and sample-efficient method. Our study significantly ex-

tends and refines these approaches to suit multi-modal haptic rendering under

visual-haptic incongruency and provides insight into multi-modal sensory inte-

gration by capturing the underlying psychometric field and perception thresh-

olds. The characterized psychometric field captures the cumulative effect of feed-

back modalities on perceived realism during sensory integration of conflicting

cues.

4.3 Qualitative Feedback-Based HiL Optimiza-

tion

The HiL optimization aims to learn a quantified relationship between the ren-

dering parameters and user perception through a GP-based latent function. The

GP-based latent function models users’ perceptions without making strong para-

metric assumptions.

As users provide more qualitative feedback, such as classifications and compar-

isons, the GP-based latent function is updated according to Bayes’ theorem, to

capture their perception more accurately. During the HiL experiments, the GP-

based latent function is used within a Bayesian optimization framework to effi-

ciently learn the relationship by employing informed sampling techniques.

After posterior GP models of all users are trained, a generalizable latent per-

ception model can be constructed by statistically averaging these posterior GP
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models, and a probabilistic relationship between the rendering parameters and

corresponding qualitative feedback outcomes can be derived from the averaged

posterior GP-based latent function to extract psychophysical thresholds of inter-

est.

While a detailed mathematical model of the HiL optimization method based on

qualitative feedback is presented in the Appendix, an overview can be provided

as follows:

4.3.1 Latent Function Modeling

During the HiL optimization, subjects form a perception of the stiffness Kp1 and

Kp2 from two different visual-haptic renderings and Kpref from the reference ren-

dering. Users are asked to evaluate the stiffness of renderings based on their per-

ceived similarity with respect to the reference. Our experiments collect two ordi-

nal classifications, qo1 and qo2 , and one pairwise preference, qp, at each iteration.

Users provide ordinal classification based on the similarity between a rendering

and the reference, and they give a pairwise comparison between two renderings

based on which one is more similar to the reference. Although pairwise compar-

isons provide no extra information when subjects classify parameters into sepa-

rate categories, pairwise preferences are useful to capture small differences if two

parameters are classified in the same category.

We train a GP-based latent function f(x) to learn the relationship between ren-

dering parameters x = (K,C/D ratio), and users’ perceived similarity by us-

ing the collected qualitative feedback data D. The latent function is modeled

such that higher perceived similarity results in higher latent function scores. The

prior probability of the latent function P (f(x)) is modeled using a normalized

GP model.

We know that human decisions are not perfectly consistent; hence, this inconsis-

tency is modeled by white noise interference to the decision process, as depicted
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Figure 4.2: Human decision model for qualitative feedback

with noises ϵo and ϵp in Figure 4.2. The white noise aims to capture the limita-

tions of human sensitivity and any random distractions that may take place dur-

ing the experiment. Given that humans are typically more consistent while mak-

ing pairwise preferences compared to ordinal classifications [28], distinct white

noise parameters are used for pairwise preferences and ordinal classifications.

The users’ ordinal classification decisions are modeled according to the thresh-

old values between where the noise-interfered version of latent scores yo1 and yo2

fall. The binary classification used in [32] is a special case of ordinal classifica-

tion with two categories separated by a threshold at zero. We preferred to apply

three ordinal categories to enforce more reward to renderings perceived similar

to reference and more penalty to renderings with high perceived distinctiveness.

Similarly, the pairwise preference is modeled according to the noise-interfered

version of the difference between latent function scores. When the noise-added

difference is above zero, the user perceives the stiffness of the first rendering Kp1

to be more similar to reference rendering Kpref .
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4.3.2 Posterior Latent Function and Bayesian Inference

As the user provides more qualitative feedback, the latent function is updated

according to Bayes’ theorem

P (f(x)|D) ∝ P (D|f(x))P (f(x)) (4.1)

allowing it to capture the user’s perception more precisely.

The aim of acquiring the posterior distribution of f(x) is to enable predictions

of the latent function scores f(x∗) for any feasible arbitrary rendering parame-

ter x∗. However, since the probability of qualitative feedback is not Gaussian,

the posterior distribution of f(x∗) is not analytically tractable using the poste-

rior distribution of f(x). Accordingly, the Laplace method is used to approxi-

mate the posterior distribution of f(x) as a Gaussian distribution such that the

posterior distribution f(x∗) is also inferred as a Gaussian. Utilizing this com-

monly adopted method for posterior approximation, it is possible to make pre-

dictions for Bayesian optimization and extend the probabilistic derivations to

capture psychophysical estimations based on human perception [14, 19, 28, 34].

4.3.3 Bayesian Optimization

The Bayesian optimization uses the GP model of the latent function as defined

in the previous subsection. In each iteration, a query consisting of a two-parameter

set is sampled by using the Upper Confidence Bound (UCB) acquisition function

αUCB(x∗) = µ(x∗) + c σ(x∗) (4.2)

Where µ(x∗) denotes the mean of f(x∗), σ(x∗), is the standard deviation of the

posterior probability distribution of f(x∗), and c is a constant hyper-parameter

used to define the exploration/exploitation ratio. As c increases (decreases) the
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Algorithm 2 HiL Optimization with Qualitative Feedback
initiate S: Parameter space, f ∼ GP (µ0, σ0): GP prior, M : Space-filling iteration

number , N : Total iteration number
1: for i=1, 2, . . . , N do
2: if i ≤M then
3: Randomly select two distinct points from S

4: else
5: Select two parameters

xi1,2 :=argmax x∈S (αUCB(x)i−1)

6: Observe qualitative feedback (qoi1 , qoi2 and qpi)
7: Update posterior distribution of latent function model f

weight of the standard deviation increases (decreases) thus, the sampling algo-

rithm focuses more on exploration (exploitation). To sample from different re-

gions, we also impose a condition during the selection of the second parameter

set, such that the prior covariance should be smaller than 0.2.

Algorithm 2 presents the basic steps at each iteration: The first M iterations are

conducted to explore the search space via space-filling methods (Lines 1–4); i.e.,

random uniform sampling. Then, for the next N −M iterations, the algorithm

suggests two parameter sets using the most promising points according to the

acquisition function (Line 5). Next, the suggested parameter sets are used in the

visual-haptic rendering with the left and right knobs. After the subject tries the

rendered parameters, qualitative feedback regarding the trial is transmitted to

the algorithm (Line 6). Lastly, the algorithm updates its GP posterior according

to the qualitative feedback data (Line 7). We use the GP update procedure for

the parameter inference as in [14].

4.3.4 Aggregating Gaussian Process and Extracting Psy-

chophysical Thresholds

After the data collection, the trained posterior models are used to create an av-

eraged posterior GP model to form a general perception model. Then, this mo-

del is used to infer the classification and comparison decisions of users through-

out the bimodal stimuli space.
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4.3.4.1 Averaged Gaussian Process Posterior

The averaged posterior GP model is computed from the individual posterior

GPs of the multi-modal experiment. We treat each participant’s posterior GP

results as independent and identically distributed measurements over the bi-

modal space and use them to obtain the average perceived similarity posterior

model as follows

f̄∗|Dtot ∼ GP
(
E(f̄∗|Dtot), V ar(f̄∗|Dtot)

)
(4.3)

with E(f̄∗|Dtot) =
1

n

n∑
s=1

E(fs∗|Ds)

V ar(f̄∗|Dtot) =
1

n2

n∑
s=1

V ar(fs∗|Ds)

where n denotes the number of subjects, while Dtot represents qualitative feed-

back data collected from all participants, Ds represents individual qualitative

feedback data, and fs represents individual perceived similarity scores with re-

spect to the reference.

4.3.4.2 Post-Hoc Model Tuning

To create a more accurate averaged posterior model for perceived similarity, we

apply post-hoc hyper-parameter tuning to select better parameters to use in

averaged GP-model-based analysis. In our analysis we have used the MLE ap-

proach suggested in [19] to tune only θ hyper-parameter of RBF kernel 3.11 but

one can extend this methodology to tune all hyper-parameters of the model.

We first define a log-likelihood for all posterior models and θ hyper-parameter.

Let P (Dtot|θrbf ) define the probability of all qualitative feedback based on the

implemented θrbf hyper-parameter. As the experiments are conducted indepen-

dently, P (Dtot|θrbf ) can be written as a multiplication of probabilities of individ-

uals’ qualitative feedback based on provided θ.
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P (Dtot|θ) =
12∏
s=1

P (Ds|θrbf ) (4.4)

Then, the log-likelihood can be written as summation per individual

log (P (Dtot|θrbf )) =
12∑
s=1

P (Ds|θrbf ) (4.5)

The total sum of log-likelihood is found by using the MLE method provided

in 3.5. Based on this approach we have selected a θrbf value where it maximizes

the summation of log-likelihood.

4.3.4.3 Just Noticeable Difference Thresholds

Utilizing the averaged GP posterior model, one can estimate the probability of a

participant preferring a rendered parameter set instead of the reference param-

eter set. The probability model quantifies the probability of each parameter set

being as effective as the reference, in terms of perceived similarity to the refer-

ence. Let f̄∗|Dtot be the averaged posterior distribution of latent function f for

arbitrary parameter set x∗, where f̄∗|Dtot is calculated according to Eqn. (4.3).

Similarly, let f̄ref |Dtot be the averaged posterior distribution of latent function for

reference parameter xref . Then, the probability of a participant preferring the

arbitrary parameter x∗ instead of reference can be calculated as

P (x∗ ≻ xref |Dtot) = Φ

 E(f̄∗|qtot − f̄ref |Dtot)√
V ar(f̄∗|Dtot − f̄ref |Dtot) + c2p

 (4.6)

where E(f̄∗|Dtot − f̄ref |Dtot) is the difference between mean values of the posterior

distributions, V ar(f̄∗|Dtot − f̄ref |Dtot) denotes the variance of the difference be-

tween f̄∗|Dtot and f̄ref |Dtot , and cp is the coefficient used in defining the standard

deviation of the white noise interference in Eqn. (6.36).
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Preferring the rendered parameter set over the reference indicates that a partici-

pant either assigns a higher perceived similarity score to the rendered parameter

set compared to the reference or is unable to distinguish between the rendered

parameter set and the reference; hence, randomly selects one of the options. If

the probabilities of selecting the rendered parameter set and the reference are

equal when the participants cannot differentiate between the two options, and

if we assume that the participants always prefer the reference when they notice

a difference between the two choices, then utilizing the Bayesian inference, the

probability of participants preferring the reference by detecting the difference

can be computed as 1− 2P (x∗ ≻ xref |qtot).

To determine a confidence interval where participants are more likely to pre-

fer the reference, the JND threshold can be selected at 25%. This means that

if a parameter set falls below this threshold, it’s likely to be noticeably different

from the reference with a probability greater than 50%.

4.4 Experimental Setup

4.4.1 Participants

Twelve participants (9 males and 3 females) with an average age of 25.91 ± 1.16

years took part in our study. Among them, only one person was left-handed,

and none had any known sensory-motor disabilities. All participants signed an

informed consent form approved by the Institutional Review Board of Sabanci

University before the experiments began. None of the participants had signif-

icant prior experience with haptic interfaces or psychophysical studies. The

only compensation provided to participants was coverage of their transportation

costs.
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4.4.2 Apparatus

The experiment setup, shown in Figure 4.3, consists of three identical haptic in-

terfaces and a visual display. Equal-sized knob-shaped 3D-printed knobs were

used as the end-effector of the haptic interfaces. The visual display was utilized

for the visual-haptic congruency experiments, such that the visual feedback of

all knob rotations was made available on the monitor, while the view of the hap-

tic interfaces was kept hidden from the participants.

Each haptic interface includes a direct-drive Maxon RE40 brushed DC motor,

which is equipped with a 1024 count/rev encoder. Motors operate in current

mode and are controlled by a MaxPos digital positioning controller via an Ether-

CAT interface.

An open-loop impedance controller was implemented to render a torsional spring

via a haptic interface. The controller is executed in real-time at a frequency of

1 kHz within the Matlab RealTime environment.

Figure 4.3: Three identical haptic interfaces and a visual display.
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Haptic rendering of torsional spring with stiffness value K modeled according to

Hooke’s law:

τ = K θ (4.7)

where θ is the rotation angle of the physical knobs and τ is the reference torque

generated as a result of this rotation.

The stiffness range of [0.1, 0.4] Nm/rad was utilized in the experiments and mapped

to the normalized range of [0, 1] during optimization. The reference stiffness was

0.2 N-m/rad, corresponding to the normalized value of 0.5.

4.4.3 Control-Display Ratio

The perceived stiffness of virtual torsional springs is studied by controlling the

visual scaling factor, called control-display (C/D) ratio [78] of the knob rota-

tions. The method involves applying a visual scaling to the actual knob rotation

cdcdcdcdcdcdcdcdcdcdcdcd

i) C/D ratio = 0.5 ii) C/D ratio = 1 iii) C/D ratio = 2

15 30 60
o o o

3030 30

o

Visual Display

Haptic Interface

Figure 4.4: Knob rotations of the haptic interfaces and corresponding dis-
played visual rotations for the different C/D ratios.
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of the haptic interface and allowing visual feedback only from the monitor, as

depicted in Figure 4.4.

If the C/D ratio is less than one, the visualized movement is reduced, requiring

the user to rotate the knob more to achieve the same screen rotation as with a

higher C/D ratio. Contrarily, if the C/D ratio is greater than one, the movement

is amplified, so the user needs to rotate the knob less to see the same screen ro-

tation as with a lower C/D ratio.

The C/D ratio range of [0.5, 2] is considered, such that two times visual amplifi-

cation or reduction can be provided for a given knob rotation. During the opti-

mization, C/D ratios are normalized to [0, 1]. The inverse of the following map-

ping is applied to normalize the C/D ratios: C/Dratio = 2(2α−1), where α denotes

the normalized C/D ratio.

4.4.4 Hypotheses

We have designed an experiment to test the validity of the following hypotheses:

H1 The perception of users can be successfully manipulated by changing the

visual modality without altering the rendered stiffness parameter, to make

virtual environments feel stiffer or more compliant. It is possible to in-

crease the perceived compliance via amplification and to increase the per-

ceived stiffness via attenuation of the visual motion feedback.

H2 The visual-haptic incongruency limits the range of visual scaling for which

the perception of users can be manipulated with high perceived realism.

To determine these limits, the JND thresholds for stiffness and C/D ratio

can be estimated through the HiL optimization experiments.
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Figure 4.5: A schematic representation of the preference-based HiL opti-
mization

H3 Movement-related cues from the haptics modality and visual cues are (par-

tially) integrated through a weighted linear combination of redundant sen-

sory cues. Accordingly, the perceived stiffness is formed as a linear com-

bination of idealized visual stiffness and haptic stiffness values. Further-

more, as the incongruency level increases, the contribution of visual cues

and their weights in the stiffness perception decreases.

4.4.5 Experimental Procedure

4.4.5.1 Setup and Overview

All volunteers participated in the experiment through a single seating and used

their dominant hands. To minimize the effects of auditory cues, participants

wore headsets playing pink noise. During the experiment, participants were in-

structed that the knobs control the visual display and asked to interact with the

three knobs similarly. Participants were allowed to explore these systems as they

preferred. To ensure that the visual cues were only provided from the display, all

three haptic interfaces were covered throughout the experiment.

During all sessions, the middle knob was used as the reference rendering that

maintained the same stiffness value. The visual feedback for the middle knob

corresponded exactly to the physical rotation of the haptic interface, ensuring

that the visual representation accurately reflected the actual displacement, with-

out introducing any visual manipulation.
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4.4.5.2 Procedure

Participants were asked to compare the stiffness of torsional springs rendered by

three identical haptic interfaces, each coupled to the visual feedback displayed

on the monitor. Participants provided feedback based on the perceived similarity

to the reference. This task involved both an ordinal classification and a pairwise

comparison to evaluate the similarity of the stiffness renderings.

All optimization trials followed the same experimental procedure for each trial,

as depicted in Figure 4.5. In each trial, two different sets of parameters called

the query, were sampled according to the UCB acquisition function (Query Gen-

eration in Figure 4.5). Then, the participants were presented with the param-

eters of the query through the left and right haptic interfaces, while the refer-

ence model was rendered by the haptic interface in the middle (Execution in

Figure 4.5). Participants were asked to interact with the reference haptic inter-

face at the beginning of each trial. After that, they were free to interact with

the haptic interfaces on the left and right, and also go back to the reference, in

any order they preferred. They were instructed to apply similar trajectories to

all three knobs, ensuring they stay within the predetermined displacement range

presented via the GUI as visual constraints. There was no time limitation for

the trials.

Following the interactions with the haptic interfaces, participants were asked to

compare the left and right knobs against the reference knob. Participants pro-

vided their responses to the two questions, based on their internal comparison

(User Feedback in Figure 4.5).

For the first question, they evaluated the similarity of the feel of the right/left

knobs, in comparison to the reference knob. For the ordinal classifications, they

were asked to answer the question “How do you feel when you interact with the

knobs in comparison to the reference knob?" by selecting one of the following

responses:

• Not Different : the left (right) knob does not feel
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noticeably different compared to the reference knob.

• Different : the left (right) knob has a noticeably different feeling compared

to the reference knob.

• Very Different : the left (right) knob has a significantly different feeling

compared to the reference knob.

For the second question, they performed a pairwise comparison of the feelings of

the left and right knobs with the reference knob and were asked to provide qual-

itative pairwise feedback by answering “Which knob do you prefer?" through

one of the following responses:

• Left : the left knob feels more similar to the reference knob than the right

knob.

• Right : the right knob feels more similar to the reference knob than the left

knob.

• Equal : an equal level of similarity/dissimilarity exists for the left and right

knobs compared to the reference knob.

Participants submitted their preferences through a GUI. Following this, the par-

ticipants’ preferences were utilized to update the GP for the perceived similarity

with respect to the reference (Posterior Model Update in Figure 4.5).

4.4.6 Sessions

The experiment was organized into three distinct sessions: multi-modal opti-

mization, constant stiffness optimization, and cross-comparison sessions. The

Warmup Multimodal Optimization
Posterior Model

Validation
Low Stiffness
Optimization

Cross-Comparison
Posterior Model

Validation
High Stiffness
Optimization

Posterior Model
Validation

Session A Session B

Figure 4.6: A schematic representation of the experimental procedure



HiL Optimization of Perceived Realism of Multi-Modal Haptic Rendering under
Conflicting Sensory Cues 49

constant stiffness optimization session was designed to validate the findings ac-

quired from the multi-modal optimization.

Figure 4.6 depicts the experimental flow: Each experiment started with a warm-

up and ended with a cross-comparison. Ten-minute breaks were scheduled be-

tween the sessions and the volunteers were also allowed to take a break when-

ever they wanted. Additionally, the order of the multi-modal optimization (Ses-

sion A) and the constant stiffness optimization (Session B) sessions, as well as

the order of the low- and high-stiffness experiments, were randomized for each

participant to prevent any patterns or learning effects during the experiments.

4.4.6.1 Warm-Up

The warm-up took about five minutes and was used to familiarize the volunteers

with the haptic rendering task and the operation of the visual-haptic interface.

During warm-up, all subjects were provided with six different queries with 12

different renderings, and additional sets of queries were provided until volunteers

felt ready.

4.4.6.2 Constant Stiffness Optimization

The constant stiffness optimization sessions were designed to optimize the C/D

ratio while keeping the stiffness parameter fixed at a predetermined value. The

constant stiffness optimization consisted of two sub-sessions, denoted as high-

and low-stiffness optimizations. These sub-sessions were configured to provide

stiffness levels approximately 1.3 times higher and 1.3 times lower than the ref-

erence stiffness value of 0.2 Nm/rad, respectively.

The constant stiffness optimization sessions consisted of 12 trials for the low-

stiffness and 12 trials for the high-stiffness experiments. It took a total of 36

iterations, including six trials for the low-stiffness posterior model validation and

six trials for the high-stiffness posterior model validation. The constant stiffness

optimization sessions with posterior model validations took about 30 minutes.
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4.4.6.3 Multi-modal Optimization

During the multi-modal optimization session, both the C/D ratio and the stiff-

ness were concurrently optimized to explore the entire parameter space encom-

passing the C/D ratio and rendered stiffness variables.

The multi-modal optimization session consisted of 30 trials with 24 optimization

trials and six posterior model validation trials. The multi-modal optimization

session with the posterior model validation trials took about 30 minutes. The

number of trials and the hyper-parameters used in the optimization were de-

cided based on pilot studies.

4.4.6.4 Posterior Model Validation

Low Sti�ness High Sti�ness

Figure 4.7: Sample prior and posterior models (captured by their mean and
standard deviation) for perceived similarity depicted for the one-dimensional
experiments, where the stiffness was kept constant at 0.151 N-m/rad for
low and 0.262 N-m/rad for high stiffness cases, and the C/D parameter was
varied. The green, yellow, and red points mark the maximum, mean, and
minimum of the posterior, where the maximum and minimum points have the
highest and lowest perceived similarity scores. The mean point has a perceived

similarity score equal to the average of maximum and minimum scores.

Posterior model validations were conducted after each constant stiffness opti-

mization session and the multi-modal optimization session. During the posterior

model validations, a set of queries was generated with the parameters that give

the maximum, mean, and minimum perceived similarity scores of the posterior

model. Participants were asked to perform six pairwise comparisons of the maxi-

mum, mean, and minimum parameter sets for two blind orderings, for which the
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expected ordering was 1-maximum, 2-mean, and 3-minimum, as depicted in Fig-

ures 4.7 and 4.8. These validation sessions were aimed to confirm the reliability

of the posterior model derived through preference-based learning.

Iteration 0 Iteration 5 Iteration 15 Iteration 25 Posterior Model

0.71

-1.09

0.47

0.16

Figure 4.8: The progression of the posterior model of multi-modal perceived
similarity depicted at various trials of the HiL optimization for a participant.
The first row captures the mean, while the second row presents the standard
deviation of the posterior model. The green, yellow, and red points mark the
maximum, mean, and minimum values of perceived similarity scores. The
mean point has a similarity score equal to the average of maximum and mini-

mum scores.

4.4.6.5 Cross-Comparison

After the completion of all optimization sessions, cross-comparison trials were

conducted to test if participants could distinguish their optimized parameters

from the reference parameter. During the cross-comparison, participants were

asked to compare two rendering models with each other presented by the left

and right knobs. Participants followed the same procedure with the optimization

sessions to provide pairwise and ordinal feedback as explained in Section 4.4.5.2.

Queries were not generated by the acquisition function, instead, all optimized

parameter sets for the low-stiffness, high-stiffness, and multi-modal settings, to-

gether with the reference parameters, were utilized. At each trial, participants

provided pairwise and ordinal feedback based on perceived similarity to the ref-

erence knob in the middle. Each comparison was repeated two times for each

parameter set, and all comparisons were completed in 12 trials, resulting in six
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pairwise comparisons and six ordinal classifications for a participant. The cross-

comparison session took about 10 minutes.

4.4.7 Data Analysis

Statistical tests based on the generalized estimating equations (GEE) were ap-

plied to check for statistically significant differences in ordinal classifications of

the low-, high-stiffness, and multi-modal optimal parameter sets.

The performance of all three learned perception models was studied by con-

structing confusion matrices. The parameters corresponding to the maximum,

minimum, and mean values of the learned GP posterior model and the user or-

dering were utilized for multi-class classification.

4.5 Results

4.5.1 HiL Optimizations

The GP prior and posterior models, captured by their mean and standard devia-

tion, for a sample participant during the low- and high-stiffness rendering exper-

iments are given in Figure 4.7. The progressions of the GP over the trials during

multi-modal experiments for a sample participant are presented in Figure 4.8.

The last columns of Figures 4.7(a)-(b) and 4.8 also present the orderings of the

participants, corresponding to the maximum (1), mean (2), and minimum (3) of

the posterior.

The average optimized C/D ratio of the 12 volunteers for the low-stiffness set-

ting is determined as 0.77 ± 0.12, while the average C/D value for the high-

stiffness setting is identified as 1.35 ± 0.18. The average stiffness and C/D ratio

values of the multi-modal setting are determined as 0.20 ± 0.03 (Nm/rad) and

1.06 ± 0.25, respectively.
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4.5.2 Posterior Model Validation

To validate the optimized perception models, the participants ordered the min-

imum, mean, and maximum values of the posterior models. GP orderings were

considered the ground truth and were used along with blind orderings provided

by the participants for the multi-class classification. The accuracy of the order-

ings is presented as confusion matrices in Figure 4.9. Each cell in the matrices

indicates the normalized number of correct classifications. Since the participants

were allowed to indicate ties, the rows/columns of the confusion matrices may

not sum up to one. The dominance of the diagonals shows how well the Gaus-

sian posterior model can capture the underlying perception model.

(a) High S ness Posterior Model (b) Low S ness Posterior Model
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Figure 4.9: Confusion matrices of the posterior model validation

4.5.3 Cross-Comparison

During the cross-comparison sessions, each optimal parameter set was classi-

fied 72 times. The optimal parameter sets were labeled as not different from the

reference parameter set for 43.1%, 48.6%, and 68.1% of these trials for the low-

stiffness, high-stiffness, and multi-modal cases, respectively.

GEE regression analysis indicates that while classifying whether an optimized

parameter set is distinguishable from the reference parameter set, the multi-

modal optimized parameter set has a statistically significant tendency to be

labeled as “similar to the reference” with p = 0.022 and log-odd ratio = 0.756,
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while the analysis results are inconclusive for the low- and high-stiffness opti-

mized parameter sets, with p = 0.404 and log-odd ratio = −0.2796, and p = 0.83

and log-odd ratio = −0.0556, respectively.

The analysis results indicate that the multi-modal optimized parameter set was

often perceived as similar to the reference.

4.5.4 Averaged Gaussian Process Posterior

The averaged multi-modal perception model of 12 participants is computed ac-

cording to Section 4.3.4.1 after post-hoc tuning of kernel hyper-parameter,θrbf .
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Figure 4.10: Post-hoc Kernel tuning for averaged posterior Model

According to the post-hoc MLE, θrbf is selected as 5 for the derivations of aver-

aged posterior GP-based results.

The mean and standard deviation of averaged multi-modal posterior GP distri-

bution are presented in figure 4.11 and figure 4.12 respectively.

In particular, Figure 4.11 presents the mean value plot annotated with the aver-

age values of the high, low, and multi-modal stiffness optimization results. The

red regions in the figure 4.11, represent higher perceived similarity scores and

the stars depict the mean parameter values for the low stiffness, high stiffness,

and multi-modal optimizations.
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Figure 4.11: The mean values of the averaged GP posterior
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Figure 4.12: The standard deviation of the averaged GP posterior

Figure 4.12 presents the standard deviation of the averaged GP posterior. In

figure 4.12, the red regions have higher standard deviation as they were sam-

pled less frequently in comparison with blue regions which are estimated to have

lower perceived similarity scores.
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4.5.5 Posterior Probability Models for Classifications and

Pair-wise Preferences

Figures 4.14 and 4.13 presents a re-interpretation of Figure 4.11 and 4.12 through

the probability mapping discussed in Section 4.3.4.3.
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Figure 4.13: Ordinal classification map for discriminating a parameter from
reference

Figure 4.13 shows a classification plot for estimated ordinal selections. The red

regions show where participants can perceive a rendering as not different than

the reference. Participants perceive the stiffness differently in beige regions and

very differently in blue regions in comparison with the reference.

Figure 4.14 shows a probability plot for estimated pair-wise selections in which

the region inside the JND curve captures the parameters that can be used in-

stead of reference parameters. The lines on the figure are used to analyze the

effect of the C/D ratio over the perceived stiffness.
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Figure 4.14: Probability map of selecting a parameter set in pairwise com-
parison to the reference

4.5.5.1 Just Noticeable Difference Thresholds

The estimated JND thresholds for perceived stiffness are depicted in Figure 4.14.

The contours in this figure capture the probability of the rendered parameters

being indistinguishable from the reference, as well as the boundary of JND1. The

average values for the low, high, and multi-modal stiffness optimization results

are also annotated with stars in the figure.

4.6 Discussion

In this section, we elaborate on the validity of each hypothesis presented in Sec-

tion 4.4.4 and compare our results with the relevant literature.
1Probabilities exceeding 50% in Figure 4.14 are artifacts of the slight mismatch between

the multi-modal optimized and the reference stiffness.



HiL Optimization of Perceived Realism of Multi-Modal Haptic Rendering under
Conflicting Sensory Cues 58

4.6.1 Hypothesis 1

The preference-based learning algorithm simultaneously constructs a Gaussian

latent model of the perceived similarity of each individual, as depicted in Fig-

ures 4.7 and 4.8. Accordingly, it becomes possible to assign a perception score to

any parameter set within the design space employing Gaussian regression, even

if that particular parameter set has not been directly assessed. The posterior

model validation results indicate that the GP model successfully captures the

perceived similarity of the participants, as evidenced by the diagonal dominance

in the confusion matrices, presented in Figure 4.9. These results demonstrate

the efficiency of the GP in modeling the latent perception model, while concur-

rently optimizing the rendering model parameters.

Low standard deviations in the posterior plots indicate adequate convergence

of the GP models. Compared with the standard deviation of the averaged mo-

del prior, the standard deviation of the averaged model posterior has reduced

by more than 80% in the blue regions, indicating a high information gain. Ac-

cordingly, the blue dominant region Figure 4.12 indicates where the averaged

multi-modal perception model can be utilized with high confidence.

The red dominant region of the averaged posterior GP model in Figure 4.11 in-

dicates the stiffness and C/D ratio parameters for which the perceived similarity

of the rendering compared to the reference is evaluated to be high. The average

posterior model shows that the parameter sets that are close to the diagonal line

defining the visual stiffness have the highest perceived similarity scores, com-

pared to other parameter sets.

The high-stiffness optimization result further validates the effectiveness of visual

scaling on perceived stiffness, since participants evaluated the perceived stiffness

as not statistically significantly different from the reference model. This result

demonstrates that it is possible to increase the perceived compliance via motion

amplification with high perceived realism.
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Overall, the results provide strong evidence that by proportionally increasing

(decreasing) the C/D ratio, one can cause a haptic interface to feel more compli-

ant (stiffer). Accordingly, the first hypothesis H1 is accepted.

4.6.2 Hypothesis 2

While the averaged posterior GP model in Figures 4.11 4.12 provides evidence

of the feasibility of perceived stiffness modulation via visual scaling, further in-

sights may be gained about the quality of such renderings by inspecting the per-

ceived similarity of scores compared to the reference model.

The averaged posterior model in Figure 4.11 captures a significant decrease in

the perceived similarity scores as the C/D ratio deviates further from the unity.

For instance, the cross-comparison results of the multi-modal, high-stiffness, and

low-stiffness optimization indicate that on average these parameter sets were de-

clared to be similar to the reference model for 68.1%, 48.6% and 43.1% of the

trials, respectively. The cross-comparison result for the multi-modal optimal pa-

rameter set is statistically significant, indicating high perceived similarity with

respect to the reference. On the other hand, while the statistical tests for high-

stiffness and low-stiffness optimal parameter sets are inconclusive, these results

are in good agreement with Figures 4.11 4.12.

Figure 4.14 presents the JND threshold estimated for the perceived stiffness ac-

cording to Section 4.5.5.1. The area inside the JND threshold curve captures

the parameter sets that are indistinguishable from the reference rendering, while

the parameter sets outside this closed curve have detectable differences. Please

note that since users were not asked to simply compare stiffness but to rate the

overall perceived similarity of the rendering, the existence of a detectable differ-

ence does not necessarily imply that the perceived stiffness of the rendered set

is evaluated to be different; it only implies that users can detect some difference

between the renderings, for instance, possibly due to detection of visual manipu-

lation.
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The JND threshold for the perceived stiffness depicted in Figure 4.14 provides

an explanation for the cross-comparison results. In particular, while the aver-

age of the high-stiffness optimization results resides on the JND boundary, the

average of the low-stiffness optimization results falls outside of the JND bound-

ary; that is, on average the high-stiffness optimization parameter set is not re-

liably distinguishable from the reference model by the participants (declared

to be similar for 48.6% of cross-comparison trials), while the low-stiffness opti-

mization parameter set is distinguishable (declared to be similar for only 43.1%

of cross-comparison trials). Furthermore, the multi-modal parameter set is not

distinguishable from the reference set and is declared to be similar for 68.1% of

cross-comparison trials, with statistical significance.

We further study the effect of visual-haptic incongruency on the JND thresholds

by considering slices of Figure 4.14 along the straight lines depicted in the fig-

ure. The solid red line in Figure 4.14 captures the case when the C/D ratio is

set to unity, while the dashed blue line considers the case when the stiffness and

C/D ratio parameters are increased proportionally, such that the visual stiffness

is kept constant. Figure 4.15 presents the cross-sections of these slices character-

izing the effect of visual cue modulation on stiffness perception. The horizontal

gray line in Figure 4.15 depicts the JND threshold.
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Figure 4.15: Probability of parameters to be preferred over the reference,
computed by considering slices of Figure 4.14 along the straight lines depicted

in that figure. The horizontal grey line depicts the JND threshold.
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The virtual stiffness JND level in Figure 4.15 for the unity C/D ratio, corre-

sponding to changing stiffness without any visual manipulation, is consistent

with the results reported in the literature [98, 99]. The blue dashed curve in

Figure 4.15 represents a proportional relationship between stiffness and C/D

ratio parameters and provides supporting evidence that the perception of stiff-

ness can be enhanced through visual scaling with high perceived realism. The

blue dashed curve indicates that as the C/D ratio further deviates from unity,

visual incongruency increases and finally interferes with the perceived realism

of rendering. In particular, while increasing the perceived compliance, a propor-

tional increase of the C/D ratio can extend the JND range from 20% to 35% of

the reference stiffness in comparison to the case when the C/D ratio is set to

unity. Hence, the JND threshold can be significantly increased through visual-

haptic incongruency. Accordingly, by increasing the C/D ratio, one can cause a

stiff haptic interface to feel more compliant in a manner that is indistinguishable

from the reference model. However, the range of stiffness modulation with high

perceived realism is not symmetrical; a similar effect through visual cue manipu-

lation (decreasing the C/D ratio) is not observed (with a meaningful effect size)

when aiming to achieve stiffer perceived renderings that are indistinguishable

from the reference stiffness. In particular, under visual attenuation, while the

users perceive the stiffness to be higher than the haptic stiffness, they also in-

dicate that they can detect a difference compared to the reference model. This

detectable difference is possibly due to the experimental setup necessitating ex-

citations from the forearm rotations. A low C/D ratio requires a larger range of

motion to achieve a similar visual excitation and this causes the forearm to ap-

proach its joint limits. Furthermore, such a scaling requires humans to perform

more work for the same visual input. Overall, these effects may result in a de-

tectable difference compared to the reference rendering when a C/D ratio is set

lower than unity.

To summarize, our results suggest that while high C/D ratios can increase the

perceived compliance in a manner that is indistinguishable from the reference

model, low C/D ratios can increase the perceived stiffness, but users evaluate
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the overall perceived realism to be distinguishable from the reference model.

Hence, the perceived realism due to visual-haptic incongruency is not symmet-

rical and favors increasing the perceived compliance.

Overall, the cross-comparison results and the JND threshold in Figures 4.14

and 4.15 demonstrate that the perceived realism under visual-haptic incongru-

ency can be kept high for a limited range of visual scaling. Accordingly, the sec-

ond hypothesis H2 is accepted.

4.6.3 Hypothesis 3

To study sensory integration using the averaged posterior model, in Figure 4.16,

we consider vertical slices along the Figure 4.14 to determine the best C/D ratio

for a given fixed stiffness and horizontal slices to determine the best stiffness for

a given C/D ratio, respectively.

Figure 4.16: (a) The yellow area indicates the region of sensory integration
for constant C/D values with variable stiffness. Blue points have the highest
perceived similarity score along the horizontal axes, with the blue-shaded re-
gion around these points denoting one standard deviation confidence interval.
(b) The red area indicates the region where sensory integration for constant
stiffness with variable C/D ratios. Yellow points have the highest perceived
similarity score along the vertical axes, with the green shaded region around

these points denoting one standard deviation confidence interval.

Along the horizontal lines, as depicted in Figure 4.16(a) where a constant C/D

ratio is considered, users determine the best stiffness that reduces the perceived
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difference between the rendered parameters and the reference rendering. If the

users neglect the scaled visuals and only rely on the movement-related cues from

the haptic modality, the perceived stiffness should be the reference stiffness. If

users utilize only the visual movement cues presented on the screen and neglect

the movement-related cues from the haptic modality, then the perceived stiff-

ness should be the visual stiffness and lie on the diagonal line. If users utilize

movement-related cues from both haptic and visual modalities and if sensory

integration is employed, then the perceived stiffness should lie in the yellow tri-

angular areas covering the range between the reference stiffness and visual stiff-

ness.

Similarly, along the vertical lines, as depicted in Figure 4.16(b) where a constant

stiffness is considered, users determine the best C/D ratio that reduces the per-

ceived difference between the rendered parameters and the reference rendering.

If users utilize movement-related cues from both modalities and if sensory inte-

gration is employed, then the perceived stiffness should lie in the red triangular

areas covering the range between the haptic and the visual stiffness.

The points marked in Figures 4.16(a) and 4.16(b) depict the points with the

highest probability along their respective (horizontal and vertical) search direc-

tions, while the shaded regions around these points denote one standard devia-

tion confidence intervals. Since these points reside inside the colored triangular

areas, it can be concluded that sensory integration exists for stiffness perception

between visual and haptic cues, as captured by our probabilistic map.

Furthermore, the points in Figures 4.16(a) and 4.16(b) can also be used to es-

timate the relative contributions of haptic and visual cues utilized by stiffness

perception under visual-haptic incongruency, if a weighted linear combination of

the cues is assumed for (possibly partial) integration. For instance, the diagonal

line in Figure 4.16(a) indicates the case when movement-related cues come only

from the visual stimulus, resulting in the estimate from the visual stimulus Sv.

The horizontal line in Figure 4.16(a) indicates the case when the movement-

related cues come only from the haptic modality, resulting in the estimate from
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the haptic stimulus Sh. The points in Figure 4.16(a) satisfy the subjective equal-

ity, called PSE [69]. The visual weights can be computed as a result of linear

interpolation, wv = (PSE − Sh)/(Sv − Sh), while haptic weights can be found as

wh = 1− wv.

Figure 4.17 presents the estimates of the contribution (or weight) wv of visual

cues utilized during sensory integration with respect to the C/D ratio, com-

puted according to Figure 4.16(a). Only the parameters corresponding to the

adequately explored regions of the parameter space are included in Figure 4.17

to preserve the reliability of the estimates2.

Figure 4.17: Estimation of the weight wv of visual cues utilized during sen-
sory integration with respect to C/D ratio.

The results indicate that as C/D ratio deviates further from unity increasing

the level of incongruency, the contribution wv of visual cues in sensory integra-

tion decreases. The crossing of the 0.5 thresholds in Figure 4.17 further indicates

that the dominant sensory modality for movement-related cues switches from vi-

sion to haptics as the C/D ratio deviates from the unity. Moreover, the visual

contributions are relatively higher for the range of C/D ratios that are aimed to

increase perceived compliance, when compared to the range of C/D ratios aimed

to increase perceived stiffness. These weights explain the non-symmetrical na-

ture of the perceived realism presented in Figure 4.15, indicating that high C/D

ratios result in a rapid decrease in the contribution of the visual cue. Finally,

an extrapolation of the decreasing contribution trend in Figure 4.17 suggests

that vetoing of visual modality is highly likely to occur for large incongruency
2C/D ratios near the boundaries of our search space are omitted from the estimates as

these parts of the probability map are under-explored. Similarly, the C/D ratio near unity is
not included as the estimation becomes very sensitive to experimental noise around this value.
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levels. These results provide sufficient evidence for the last hypothesis H3 to be

accepted.

4.6.4 Comparison of Results with the Related Work

Our results are in good agreement with [65, 69, 79, 80], indicating that the sen-

sory integration process during multi-modal visual-haptic compliance estimation

under visual scaling can be modeled through a weighted linear combination of

redundant sensory signals and manipulated visual cues can expand the perceived

stiffness range of haptic rendering.

While our study is similar to [79, 80], we explore a continuous range of visual

scaling levels from a perceived similarity perspective and our results are in more

line with those of [65, 69]. Our findings extend [80] and support [65, 69], indicat-

ing a decreased contribution of the manipulated visual cue in the multi-modal

percept as its congruency is reduced and suggests possible vetoing of this unre-

liable cue when strong conflicts arise between the haptic modality and manipu-

lated visual feedback.

Our study supports the conclusions of [77, 80, 83], indicating that the use of

pseudo-haptic feedback can enhance haptic feedback during stiffness rendering.

Our approach differs as we rely on qualitative feedback-based HiL optimization

to maximize perceived similarity with respect to the reference and determine the

optimal levels of the visual scaling ratio.

Our results support the observations in [84, 86] stating visual-haptic incongru-

ency significantly influences stiffness discrimination performance when the dis-

crepancy between visual feedback and hand movements is large. We extend

these results by explicitly characterizing the relationship between incongruency

levels and perceived realism.

Finally, our JND estimations are consistent with the results of earlier psychophys-

ical experiments, which reported the JND threshold as 23% [99] or in the 8% −

22% range [98].
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While our study determines the relative contributions of visual and haptic modal-

ities with respect to the visual scaling under the assumption of a weighted linear

combination of these cues, it makes no attempt to determine the underlying mo-

del of (possibly partial) sensory integration.

One interpretation of the results in Figure 4.17 is possible by utilizing the causal

inference model [76], which generalizes the MLE model of multisensory cue in-

tegration by considering the causes of the underlying sensory events. In partic-

ular, the causal inference model infers the probability of a common cause versus

two independent causes to derive optimal predictions. Accordingly, this model

involves two parameters, capturing the probability of a common cause and the

relative weight of each cue for the sensory integration case.

On the one hand, the causal inference model reduces to maximum likelihood

estimation when there is a high probability of a common cause. In our experi-

ments, participants were provided explicit instructions emphasizing the common

cause between visual and haptic modalities. Furthermore, while the visual feed-

back was scaled, the synchronization between the haptic input and visual output

was preserved throughout the experiments, resulting in a convincing causal rea-

son for a common cause. Accordingly, if one considers that the probability of in-

dependent cause was low and the discrepancies were sufficiently small and hard

to detect, then the weights in Figure 4.17 may be attributed to the weights of

MLE-type sensory integration.

On the other hand, due to the experiment design, our results do not allow for

the extraction of the two parameters of the causal inference model from the

data; hence, the common cause assumption cannot be verified. Furthermore,

discrepancies may become large as the C/D ratio further deviates from unity.

As an alternative interpretation, if one assumes that visual feedback completely

dominates movement-related cues, then the weights in Figure 4.17 can also be

interpreted as the probability of a common cause.
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Overall, it is likely that the underlying model of sensory integration lies some-

where between these two interpretations, performing partial sensory integration

under conflicting cues.



Chapter 5

HiL Pareto Optimization for

Assist-as-Needed Control during

Motor Skill Training

In this chapter, we introduce Pareto-based HiL optimization with multi-criteria

Bayesian optimization and its application in developing assist-as-needed virtual

reality guided training sessions for motor-task learning.

5.1 Introduction

Physical human-robot interaction (pHRI) is commonly used for training tasks,

such as human motor skill training or robot-assisted physical rehabilitation of

patients. In such training applications, the efficacy of the training, character-

ized through performance evaluations with no assistance after the training, is

of utmost importance. Haptic assistance is provided only during the training,

when the user is coupled to a force-feedback robot, to ensure that the execution

of the task can be completed with sufficient performance. For instance, consider

a stroke patient going through physical rehabilitation, for whom the task execu-

tion may not be at all feasible without a proper level of assistance. On the other

68
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hand, too much assistance during training is known to be detrimental, as users

may learn to rely on the existence of this support and slack [100]. Too much as-

sistance may also cause the task to become not sufficiently challenging for the

patient, resulting in a lack of engagement. As a consequence of excessive assis-

tance, users may not learn how to successfully execute the task when no assis-

tance is provided. Accordingly, there exists an inherent trade-off between the

level of assistance provided and the level of perceived challenge for any given

motor control task.

This trade-off has been widely acknowledged in the literature and it has been

established that an optimal assistance level consists of the least amount of assis-

tance that allows a user to able to execute a task with a sufficient level of suc-

cess. Controllers that aim to provide such assistance are commonly referred to

as assist-as-needed (AAN) controllers. AAN controllers aim to keep the assis-

tance level at a proper level to maximally challenge but not overwhelm users

with task difficulty or demotivate them with continual failures.

Most of the literature on AAN control focuses on the design of interaction con-

trollers that can administer assistance forces safely and naturally, without over-

riding the user’s intent. In particular, path-following controllers, such as velocity

field controllers [101], and controllers with guaranteed coupled stability prop-

erties, such as passive velocity-field controllers [102], have been proposed and

adopted in many related works [103, 104, 105, 106, 107]. While these studies on

interaction control are indispensable for the safe and natural delivery of force

feedback assistance, all these control approaches necessitate the proper level of

assistance to be provided as input, typically by a domain expert.

In AAN controllers, the proper level of assistance is commonly decided empir-

ically or heuristically, based on thresholds imposed on the measured perfor-

mance/signals of the user. Most of the methods utilize sensor inputs or bio-

signals [108, 109, 110, 111], such as EMG and EEG, to adjust the level of as-

sistance to promote voluntary participation based on thresholds. Adaptive con-

trollers that utilize the dynamic model of the user and the device to minimize
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a cost function [112] or that use statistical estimates of psychophysical thresh-

olds [113] have been proposed. Reinforcement learning has also been used to

develop AAN controllers that do not depend on user or device-specific parame-

ters [114, 115]. Moreover, in addition to quantitative measurements, more qual-

itative aspects, such as the psychological states of the user, have also been esti-

mated by neural networks to adjust assistance levels [116, 117].

While these studies are promising, the determination of a proper level of assis-

tance to be provided to a user is still an open challenge, commonly delegated to

a domain expert. The problem is challenging, as each individual is unique; fur-

thermore, user preferences and perceptions undergo continual changes as learn-

ing/recovery takes place during training. For instance, the perceived level of

challenge of a task under a certain level of assistance is likely to decrease as a

user gets better at performing the task. Moreover, other user-dependent metrics

that are not easy to quantify, such as motivation and comfort level, may affect

the perceived challenge level. Hence, the ideal assistance level necessitates per-

sonalization through a characterization of the trade-off between the perceived

challenge level versus the task performance of each user.

Characterization of the trade-off between the perceived challenge level versus the

task performance of users can guide training by establishing a proper level of as-

sistance to be used by AAN controllers. This characterization can be performed

at different stages of training, such that the changes in user preferences and per-

ceptions can be captured as learning takes place and the level of assistance be

adjusted accordingly.

Furthermore, such trade-off characterizations can also serve as a novel means of

evaluation of user performance. While typical evaluations for manual skill train-

ing or physical rehabilitation are performed when no assistance is provided, as

this captures the real-life case, such evaluations cannot capture improvements

in performance during the early phases of training. For instance, if the task is

sufficiently hard for a user, then it may not be possible for the user to execute
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it successfully without any assistance. In such cases, evaluations with no assis-

tance will not capture any improvement, as the user’s success will stay very low.

Comparison of the characterized trade-offs between the perceived challenge level

versus the task performance of a user at different stages of training provides a

feasible alternative. A comparison of the time evaluation of the trade-off (i.e.,

Pareto optimization results forming a set of non-dominated solutions) provides a

rigorous means to fairly evaluate the progress of user performance. Furthermore,

Pareto results also enable comparisons among various users. It is important to

emphasize that ensuring the fairness of comparisons of user performance under

assistance necessitates the characterization of the trade-off via Pareto optimiza-

tion since multiple variables, such as the level of assistance and the perceived

challenge level, need to be considered simultaneously.

In this study, we propose a human-in-the-loop (HiL) Pareto optimization ap-

proach to characterize the trade-off between the user’s performance and the

perceived challenge level for a motor learning task implemented in a virtual

environment with force-feedback to be used in AAN control. During the opti-

mization, the user performance is captured by a quantitative metric, while the

perceived challenge level is modeled as a qualitative metric captured through

preference-based qualitative feedback. A multi-criteria Bayesian optimization

technique is utilized for the HiL Pareto optimization of this hybrid model with

both quantitative and qualitative metrics. The sample efficiency of Bayesian op-

timization is a crucial aspect, as it enables the trade-off to be characterized in a

systematic and efficient manner, without exploring the whole search space and

inducing fatigue to the user.

Once the trade-off is characterized via HiL Pareto optimization, we demonstrate

how this trade-off can be used to guide training sessions with “optimal” assis-

tance levels. In particular, we discuss how a set of optimal solutions can be se-

lected from the set of non-dominated solutions to guide the training sessions.

Finally, we show that the trade-off evolves in time as learning takes place and

Pareto-front curves capturing the trade-off can be used to evaluate the progress

of the user fairly and rigorously. We demonstrate the proposed approach through
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a pilot study of a virtual manual skill training task with haptic feedback admin-

istered to healthy individuals.

To the best of the authors’ knowledge, Pareto optimization approaches have not

been applied to HiL optimization. In this study, we apply a HiL Pareto opti-

mization approach to characterize the trade-off between a user’s performance

and perceived challenge level for a motor learning task. During HiL Pareto opti-

mization, we capture the user performance by a quantitative metric, while we

model the perceived challenge level as a qualitative metric captured through

preference-based qualitative feedback. We extend the Bayesian Pareto optimiza-

tion approach in [41, 48] to a hybrid model with quantitative and qualitative

metrics and apply it in the HiL context.

Our novel contributions can be listed as follows:

(i) We propose a HiL Pareto optimization approach with hybrid (quantitative

and qualitative) performance measures to characterize the trade-off be-

tween the performance and the perceived challenge level of a motor learn-

ing task.

(ii) We demonstrate how a sample design selection can be performed over the

set of non-dominated solutions characterizing the trade-off between the

performance and the perceived challenge level to effectively guide training

with an AAN controller.

(iii) We propose a novel and rigorous means of performance evaluation under

assistance, through comparisons of the trade-off curves characterized at the

different stages of training or among various users.

5.2 Human-in-the-Loop Pareto Optimization

The goal of HiL Pareto optimization is to determine optimal trade-offs for mul-

tiple conflicting objective functions while minimizing the total resource cost of
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experiments. Among various approaches, multi-criteria Bayesian optimization

techniques hold promise for use in HiL applications due to their inherent sam-

ple efficiency [118], as the central idea of all Bayesian optimization approaches is

to minimize the number of observations while rapidly converging to the optimal

solution. Accordingly, Bayesian optimization provides a class of sample-efficient

global optimization methods, where a probabilistic model conditioned on previ-

ous observations is used to determine future evaluations.

The statistical modeling in multi-criteria Bayesian optimization techniques is

typically handled by one Gaussian process (GP) model for each objective to en-

sure the tractability of the problem, while the design of the acquisition function

to capture the trade-off between multiple objectives results in various alternative

techniques [38, 39, 40].

We utilize a wrapper method, called USeMO, which is based on single-objective

acquisition functions [41, 48]. USeMO utilizes a multi-criteria sampling strategy

that allows one to leverage acquisition functions from single-objective Bayesian

optimization to solve the multi-objective Bayesian optimization problem as de-

tailed below. We have preferred USeMO as its application to optimizations

with hybrid (qualitative and quantitative) metrics is more accessible. Please

note that USeMO is a sample optimization approach appropriate of HiL Pareto

optimization, and alternative methods, such as [42, 43], may also be adapted for

HiL Pareto optimization.

5.2.1 Virtual Motor Learning Task with Haptic Feedback

The motor learning task consists of a two-dimensional balancing game of an

inverted pendulum on a cart, displayed on an LCD screen as depicted in Fig-

ure 5.1. The dynamics of the pendulum on a cart are rendered to the user through

a single-axis force-feedback joystick. Two monsters, separated by constant dis-

tance, provide continual disturbances.
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Figure 5.1: A sketch of a participant holding a force-feedback joystick and
interacting with the pendulum game

A PD controller is implemented to determine proper cart positions to stabilize

the pendulum and to move the cart to the middle of the monsters. Along with

the cart and pendulum dynamics, a virtual spring is rendered between the stabi-

lizing controller-determined position and the current position of the cart by the

force-feedback joystick to provide assistance forces to the participant. The as-

sistance level is adjusted through the stiffness constant of the virtual spring; the

larger the spring constant, the more dominant the assistance provided.

Two conflicting optimization metrics are considered for the optimization: The

performance metric is a quantitative measure based on the score of the partici-

pant, as detailed in Section 5.2.3. The perceived challenge level is a qualitative

metric modeled utilizing ordinal classifications and pair-wise preferences pro-

vided by the participant, as detailed in Section 5.2.4. Sections 5.2.2 and 5.2.5

detail the characterization of the trade-off between the quantitative user perfor-

mance and the qualitative perceived change level. It is important to emphasize

that this trade-off is unique to every individual and needs to be characterized in

a HiL manner.
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5.2.2 Overview of HiL Multi-Criteria Bayesian Optimiza-

tion

The multi-criteria Bayesian optimization approach, summarized in Algorithm 3,

relies on two GP regression models: one based on the numeric game scores as

detailed in Section 5.2.3, and another one based on qualitative feedback col-

lected from the participants as detailed in Section 5.2.4. Both GP regression

models possess their corresponding acquisition functions.

Algorithm 3 HiL Bayesian Pareto Optimization
initiate A: Feasible parameter space, GPnum: Quantitative GP regression model,

GPqual: Qualitative GP regression model, N : # of iterations, N0: # of space-filling

iterations

1: Assign acquisition function αnum to GPnum

2: Assign acquisition function αqual to GPqual

3: Create a sampling set x with size M using Sobol sequence

4: for n = 1, 2, . . . , N0 do

5: Select parameter xn from x and, use xn in the game trial

6: Get the game score sn, append it on s, and re-calculate y

7: Get user’s qualitative feedback qn and append on set q

8: Update GPnum using x and standardized score set y

9: Update GPqual using x and qualitative feedback set q

10: for n = N0 + 1, N0 + 2, . . . , N do

11: Compute surrogate Pareto xp ← argmaxx∈A (αnum, αqual)

12: Select a parameter xn := argmax x∈xp (σqual × σnum)

13: Use the parameter in the game iteration

14: Get the game score sn append it on s, and re-calculate y

15: Get user’s qualitative feedback qn and append on set q

16: Update GPnum using x and standardized score set y

17: Update GPqual using x and qualitative feedback set q

18: Compute Pareto front for the expected values of GP models

19: Plot the Pareto front and list the non-dominated solutions
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During the initial iterations, parameters are selected via the Sobol sequence to

ensure search-space exploration. For the rest of the iterations, new solutions are

computed via the sampling strategy proposed in [41] and further detailed in Sec-

tion 5.2.5.

In particular, the sampling strategy utilizes a multi-criteria optimizer to com-

pute a surrogate Pareto front characterizing the trade-off between the conflict-

ing acquisition functions. Then, from the set of non-dominated solutions on the

surrogate Pareto front, a parameter with the highest volumetric variance is se-

lected for the next sampling. At the end of the trade-off characterization session,

Algorithm 3 utilizes a multi-criteria optimizer to compute the non-dominated so-

lutions forming the Pareto front of the expected scores and expected perceived

challenge level. Once the Pareto set is computed, promising non-dominated solu-

tions can be selected as in Section 5.2.6 to guide the training sessions.

5.2.3 Quantitative Gaussian Process Regression Model

A GP regression model, GPnum, is designed to learn the relationship between

the assistance level and the game score of the participant. The maximum ap-

plicable assistance during the game is represented by one, while zero represents

the no assistance case. Let A = {x ⊂ Rd : 0 ≤ xi ≤ 1} be the feasible pa-

rameter space and xi be the assistance percentage. Let x = {x1, x2, .., xn} be

a set consisting of n assistance parameters used in prior game trials. Then, let

s = {s1, s2, .., sn} be a set consisting of n values of observed game scores cor-

responding to x and, let y = {y1, y2, .., yn} be the statistically standardized

version of s. The dataset used to train the numerical GP regression model is

represented with DN = {(x1, y1), (x2, y2), ..., (xn, yn)}.

Finally, let fN(x) be the black-box function representing the relationship be-

tween assistance and standardized values of game score. To model the deviation

of score measurements, we assume that standardized values of game scores are
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affected by Gaussian white noise with variance, σ2
w and we observe their noisy

version y.

Then, the prior black-box function for game scores, fN , can be modeled as

fN(x) ∼ GP (0, KN + σ2
wI) (5.1)

with KN ∈ Rn×n, kNi,j
= kN(xi, xj), where radial basis function (RBF) kernel is

used to capture the correlation of the parameters.

The game scores for unknown assistance parameters can be predicted via Bayesian

inference. Let x∗ be any arbitrary assistance parameters and let fN∗|DN
be the

corresponding game score estimation based on previously acquired game scores.

Then, Bayesian inference indicates

fN∗|DN
∼ GP (µN∗|DN

, σ2
N∗|DN

) (5.2)

µN∗|DN
= kN∗,1:n(KN + σ2

wI)
−1y (5.3)

σ2
N∗|DN

= kN∗,∗ − kN∗,1:n(KN + σ2
wI)

−1kN1:n,∗ (5.4)

5.2.4 Qualitative Gaussian Process Regression Model

A second GP regression model, GPqual, is designed to learn the relationship be-

tween the assistance level and the perceived challenge level of the game by the

participant. During the Pareto characterization session, after each game trial,

the participant classifies the perceived challenge level of the game by selecting

one of the following categories: easy, moderate, and hard. Then, except for the

initialization, the participant compares the perceived challenge level of the game

with that of the previous iteration. Based on the modeled probabilities of the

answers, the qualitative GP regression model is updated.
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The range of assistance is represented by A = {x ⊂ Rd : 0 ≤ xi ≤ 1}, as in the

quantitative GP regression model. Let fQ(x) be the latent function representing

the participant’s perceived challenge level of the game. The prior distribution of

fQ(x) is modeled with normal GP distribution.

fQ(x) ∼ GP (0, KQ) (5.5)

where KQ ∈ Rn×n, kQi,j
= kQ(xi, xj) is the noiseless kernel matrix of the qual-

itative GP regression model generated by RBF kernel. It is worth noting that,

the hyper-parameters of RBF functions used to utilize kernel matrices in both

models need not be identical.

Let q be the set of qualitative feedback provided by the participant, where q

consists of both ordinal classifications qo = {qo1 , qo1 , ..., qon} and pair-wise pref-

erences qp = {qp2 , qp3 , ..., qpn}. Dataset including ordinal classifications defined

as DO = {(x1, qo1), (x2, qo2), ..., (xn, qon)}, and dataset including pair-wise com-

parisons defined as DP = {(x1, x2, qp1), (x2, x3, qp2), ..., (xn−1, xn, qpn)}. Then, the

dataset consisting of all qualitative feedback is defined as DQ = DO ∪DP .

The probability of latent function based on provided feedback is computed from

the proportionality of P (fQ|DQ) ∝ P (DQ|fQ)P (fQ), where P (fQ) is the prior

unbiased probability of the regression model and P (DQ|fQ) is the probability

of participant’s all qualitative feedback being correct based on the given latent

function.

Ordinal classifications and pair-wise comparisons are modeled, as in [14, 26, 28,

35], as follows: Let O = {o1, o2, o3} be the finite set of three ordinal classifi-

cations representing the perceived challenge level from “easy" to “hard". Let t

be the set of ordered thresholds used to distinguish the ordinal classifications

t = {t0, t1, t2, t3} and −∞ = to0 < to1 < to2 < to3 =∞. Then, the probability for

a parameter xi being classified with othj ordinal class by the participant correctly

is modeled with
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P (qoi = oj|fQ) = Φ

(
toj − fQ(xi))

co

)
− Φ

(
toj−1 − fQ(xi)

co

)
(5.6)

where Φ represents the cumulative distribution function of the Gaussian distri-

bution and co > 0 is used to utilize the classification noise.

The probability of the participant correctly identifying the harder one between

the two games is given by

P (qpi = (xi ≻ xi−1)|fQ) = Φ

(
(fQ(xi) )− fQ(xi−1) )

cp

)
(5.7)

where cp > 0 utilizes the noise in pair-wise preferences.

Under the assumption of independence of provided qualitative feedback, P (DQ|fQ) =

P (DO|fQ)P (DP |fQ) is calculated by

P (DQ|fQ) =
n∏

i=1

P (qoi |fQ)
n∏

i=2

P (qpi |fQ) (5.8)

The posterior distribution of the regression model is computed by the Laplace

approximation [19]. The perceived challenge level estimation of the participant

fQ∗|DQ
for any arbitrary assistance parameter x∗ can be computed using the

posterior model as follows:

fQ∗|DQ
∼ GP (µ∗|DQ

, σ2
∗|DQ

) (5.9)

µ∗|DQ
= kQ∗,1:n K

−1
Q f̂Q (5.10)

σ2
∗|DQ

= kQ∗∗ − kQ∗,1:n (W
−1 +KQ)

−1kQ1:n,∗ (5.11)

where K is the noiseless covariance matrix calculated with radial basis function

kernel, W is the negative Hessian matrix

Wij = −
∂2 log(P (DQ|f(x))

∂f(xi) ∂f(xj)
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and f̂ is the latent function that maximizes the log-likelihood

f̂ = argmaxf(x) (log(P (DQ|fQ)P (fQ)))

5.2.5 Sampling Strategy for HiL Pareto Characterization

Let αnum be the acquisition function of GPnum and let αqual be the acquisition

function of GPqual. In this study, for simplicity, we have used two upper confi-

dence bound (UCB) acquisition functions with different hyperparameters. To

sample an assistance level parameter xn for (n)th game iteration, αnum and αqual

are utilized as

αnum(x∗)n = µ∗|DNn−1
+ λNσ∗|DNn−1

(5.12)

αqual(x∗)n = µ∗|DQn−1
+ λQσ∗|DQn−1

(5.13)

where λN and λQ are the hyper-parameters of GPnum and GPqual, respectively,

and x∗ is an any arbitrary feasible assistance parameter. Next, based on the uti-

lized acquisition functions, a computationally cheap Pareto problem is solved to

find the parameter set xp, lying on the surrogate Pareto front. Finally, a param-

eter is selected among xp based on the maximum volumetric uncertainty, where

the volumetric uncertainty is calculated by multiplying the standard deviations:

xp = argmaxx∈A (αnum, αqual) (5.14)

xn = argmax x∈xp (σ(x)|DNn−1
× σ(x)|DQn−1

) (5.15)
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5.2.6 Design Selection for Pareto-based AAN Training

All Pareto solutions characterizing the trade-off between the user performance

and the perceived change level are optimal. Without additional preference in-

formation, all Pareto optimal solutions are considered equally good. The Pareto

selection process imposes additional preferences to the set of Pareto optimal so-

lutions to select among them. Pareto optimization methods allow the designer

to impose additional constraints after the computation of the non-dominated so-

lutions and inspection of the trade-off involved among the conflicting objectives.

Being able to impose additional constraints to the set of optimal solutions, each

corresponding to different design preferences, in a multi-shot manner, is among

the most beneficial aspects of Pareto optimization approaches.

Once Pareto solutions characterizing the trade-off between the performance and

the perceived challenge are computed, the designer can make a design selection

to guide the training session. The Pareto selection process is not unique and al-

ternative training methods may be devised from the same set of Pareto solu-

tions. To the best of the authors’ knowledge, this is the first study that makes

use of Pareto characterizations of individuals to design AAN training protocols.
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Figure 5.2: Selection of non-dominated solutions from the Pareto front by
introducing design constraints after characterizing the trade-off
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As a sample AAN training protocol, new constraints are imposed on the Pareto-

front, as in Figure 6.4, to implement an AAN controller that keeps the task suf-

ficiently challenging while allowing the user to achieve a sufficient level of per-

formance. In particular, to facilitate a design selection among all non-dominated

solutions, we introduce personalized thresholds to the set of non-dominated so-

lutions to keep the perceived challenge level and quantitative performance suf-

ficiently high. The performance is limited to 40–80% of the capacity of the in-

dividual, while the challenge level is limited to 40–80% of the perceived chal-

lenge level of the individual. All solutions lying in this range have been selected

to be in the training session, to induce diversity in the training exercises. The

proposed method emphasizes the importance of customization of the assistance

based on individual performance characterizations. Pareto characterizations of

individuals and sample results of the Pareto selection process are presented in

Section 5.4.

5.3 Human Subject Experiment

5.3.1 Participants

Twenty participants, with an average age of 22.2 ± 1.3 years participated in the

experiment. The participants played the game with their non-dominant hand.

None of the participants had any known sensory-motor disability or significant

prior experience with haptic devices. Before the experiments, participants signed

an informed consent form approved by the Institutional Review Board of the

university.

5.3.2 Apparatus and Game

The experimental setup consists of the virtual motor learning task with haptic

feedback, as in Section 5.2.1, displayed on an LCD screen, as in Figure 5.3. A
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Force-Feedback JoystickPendulum Balancing Game

Figure 5.3: Pendulum balancing game and force-feedback Joystick

single-axis force-feedback joystick provides the interaction and assistance forces.

The task fails if the pendulum rotates more than ±50◦ or the cart touches the

monsters. The objective of the game is to survive for 25 s. The users have three

chances for each game.

A force-feedback joystick with series elastic actuation is used as the interface

for the pHRI task [5]. The force-feedback joystick is controlled under velocity-

sourced impedance control [119], implemented in real-time at 1 kHz, utilizing a

Texas Instruments C2000 microcontroller. The micro-controller communicates

with the host computer displaying the game via serial communication.

5.3.3 Experimental Conditions

The human-subject experiment compares the training efficacy of the AAN train-

ing method based on Pareto optimization (test group) with a control group

based on a commonly employed performance-based adaptive assistance con-

troller. In particular, the following training protocols are compared:
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Warm-Up

5-10 �terat�ons

~10 m�n

Pre-
Evaluat�on

3 �terat�ons

~2 m�n

Pareto
Character�zat�on I

10 �terat�ons

~7 m�n

Tra�n�ng

20 �terat�ons

~18 m�n

Post-
Evaluat�on

3 �terat�ons

~2 m�n

Pareto
Character�zat�on II

10 �terat�ons

~7 m�n

Figure 5.4: Experimental procedure

i) Test Group – Pareto Approach: As detailed in Section 5.2.6, the AAN

training method based on Pareto optimization relies on HiL characteri-

zations of the trade-off between the user performance and the perceived

change level. After a trade-off is characterized, thresholds are introduced

to select the subset of non-dominated solutions that span from 40% to 80%

of the performance and the perceived challenge level of individual users.

The set of Pareto solutions in this range are used in the training session, in

a randomized order.

ii) Control Group – Adaptive Assistance: The control group is based on the

commonly used approach of measuring progress based on the level of as-

sistance provided. A performance-based adaptive assistance controller is

implemented using an adaptive staircase approach, as in [109, 120, 121].

The assistance level of the control group is initialized at 50% and employs

a two-up-one-down variation. In this adaptive approach, the assistance

decreases by 10% after every two consecutive successful game trials or in-

creases by 10% after each failed trial.

5.3.4 Experimental Procedure

The experiment consists of six sessions as in Figure 5.4: warm-up, pre-evaluation,

pre-training HiL characterization, training, post-evaluation, and post-training

HiL characterization.

The warm-up session includes a tutorial to help participants become familiar

with the rules and mechanics of the game. Participants play the game with sev-

eral levels of assistance. The warm-up session is concluded when a participant

displays a clear understanding of the rules and can play the game without un-

premeditated failure.



HiL Pareto Optimization for AAN Control during Motor Skill Training 85

Pre- and post-evaluations measure the performance of the participants with no

assistance. Participants with very high scores in the pre-evaluation session are

excluded from the experiment, as their performance has already saturated. A

comparison of pre- versus post-evaluation sessions provides a measure of partici-

pants’ progress after the training session.

HiL Pareto characterization sessions are used to learn the trade-off between a

participant’s quantitative performance and the perceived challenge level of the

game. For this purpose, two GP regression models are trained in each HiL ses-

sion. During each iteration of the HiL learning, the participant plays the game

with an assistance level determined by the optimization algorithm. Once the

game ends, either by surviving for 25 s or failing to do so three times, the best

score of the participant is used to train a quantitative GP regression model. Af-

ter each game, two questions are asked to the participant to determine the per-

ceived difficulty of the game. First, the participant is asked to rate the challenge

level of the game by selecting one option from “hard", “moderate", or “easy",

resulting in an ordinal classification. Next, (except for the first trial) the par-

ticipant is asked to compare the challenge level of the last game with the pre-

vious one in a pair-wise manner. The answers to these queries are used to train

a qualitative GP regression model. Finally, utilizing a multi-criteria sampling

strategy, the HiL optimization algorithm updates the assistance level provided

to the participant for the next iteration.

5.3.5 Hypotheses

We aim to test the validity of the following hypotheses:

H1 The trade-off between the performance and the perceived challenge level

of a task can be characterized by utilizing a HiL Pareto optimization ap-

proach.
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H2 The non-dominated solutions characterizing the trade-off between the per-

formance and the perceived challenge can be used to guide training ses-

sions with an AAN controller to match or improve the efficacy of training

compared to performance-based adaptive assistance approaches.

H3 Comparisons of the trade-off curves characterized at the different stages of

training provide a rigorous means of evaluating training performance under

assistance.

5.4 Results and Discussion

First, we check the overall learning of the participants after the training session.

To this end, we compare the unassisted game scores of the participants before

and after the training sessions. Figure 5.5 presents box plots of participants’

game scores before and after the training sessions. Paired t-tests within the test

and control groups indicate that there exists a statistically significant difference

in scores with t29 = 3.32 and p = 0.0012 for the test group, and t29 = 3.27

and p = 0.0014 for the control group. The effect size is notable, as the post-

training performances of test and control groups have improved by 37.5% and

36.7%, respectively, compared to their pre-training performances, with a confi-

dence interval exceeding 99%. Moreover, unpaired t-tests between test and con-

trol groups indicate there exists no statistically significant difference between

their pre- and post-training performances, respectively. Accordingly, the test and

control groups display equal unassisted task performance before and after the

training.

To further investigate the differences between the test and control groups, we

utilize the advantages of the proposed Pareto approach to study the mean im-

provement in available performance for each group under assistance. Figure 5.6
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presents the aggregate training efficacy for the test and control groups, by re-

porting mean percent changes in available performance under all assistance lev-

els. This performance metric is defined as 100(Scorepost−Scorepre)/(1−Scorepre)

to ensure that the saturation under high assistance levels is accounted.

Figure 5.6 indicates that the Pareto approach has achieved higher mean per-

formance gains, especially within the 40%–90% assistance range, as most of the

participants in the Pareto training group were trained with lower assistance.

Figure 5.7 presents the assistance level provided to the control group in compar-

ison to the assistance level that would have been provided if these participants

were in the test group. Figure 5.7 makes clear that most of the participants in

the test group were provided with assistance levels higher than 55%, while the

Pareto optimal assistance level for the test group was around 40%. Accordingly,

the improvement of the available performance of the control group is lower than

the test group for assistance levels exceeding 40%, as they have been trained

with significantly higher assistance levels that were less challenging.

While there exists no statistically significant performance difference between the
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Figure 5.5: Comparison of unassisted pre- and post-training performance
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Figure 5.6: Percent improvement of available performance
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Figure 5.7: Assistance provided to participants in the control group versus
assistance that would have been provided if they were in the test group.

groups under no assistance, possibly due to the limited number of training ses-

sions, the results in Figure 5.6 indicate that the Pareto approach has resulted in

better overall improvement at all assistance levels. Accordingly, there is exper-

imental evidence that H2 is valid, as utilizing the non-dominated solutions can

provide training with high efficacy.

While aggregate results are useful for discussing the overall efficacy of the train-

ing protocols, the proposed Pareto approach emphasizes customization of train-

ing based on individual performances. Figure 5.8 presents the results of two

sample participants with high and intermediate performance, while the results of

all participants are provided in the Supplementary Document [122]. Figure 5.8
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Participant 1 Participant 2

Figure 5.8: In the top rows, the orange and blue lines show the mean of the
surrogate function for the perceived challenge and score, respectively, while the
shading depicts their standard deviation. The bottom rows present the Pareto
solutions are shown with dark red dots, while the dominated solutions in the
feasible set are also shown with orange dots. The Pareto solutions within the
red squares are used during the training of the participants in the test group.

presents the GP regression models and the Pareto fronts, before and after the

training. In the top rows, the orange lines show the mean of the surrogate func-

tion for the perceived challenge level, while the orange shading depicts its stan-

dard deviation. Similarly, the blue lines represent the mean prediction for the

game scores, while the blue shading depicts its standard deviation. The bottom

rows present the Pareto plots characterized during pre- and post-training ses-

sions, depicted in the left and right columns.

In the Pareto plots, the black points represent Pareto solutions, while the or-

ange points depict all feasible solutions for the problem. Pareto solutions cover

a non-trivial (and possibly disconnected as in Figure 5.10) subset of the set of

feasible solutions, as they capture the non-dominated solutions of the trade-off

between the expectations of the perceived challenge level and the score. For ease

of visualization, the Pareto plots are divided into three regions; the red, yellow,

and green shades represent the perceived challenge levels of hard, moderate, and

easy, respectively. Finally, the red squares are used to indicate the Pareto so-

lutions that have been used during the training of the participants in the test

group, according to the Pareto selection criteria detailed in Section 5.2.6.

As hypothesized in H1, Figure 5.8 provides evidence that the trade-off between
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the performance and the perceived challenge level of a task can be character-

ized via HiL Pareto optimization with hybrid performance measures. Thanks to

the sample-efficiency inherited from the underlying Bayesian optimization ap-

proach [41], HiL Pareto characterization converged in 6.5 ± 1.4 min; hence, can

easily be performed before the training sessions without inducing fatigue to the

participants. The top rows in Figure 5.8 verify that the Bayesian multi-criteria

optimization technique samples from the regions of surrogate functions that con-

flict with each other. The efficiency of the sampling strategy in locating the con-

flicting regions and the uniformity of samples in these regions are key aspects of

the efficiency of the Pareto optimization technique which makes its use adequate

for HiL optimization.

The bottom rows in Figure 5.8 properly characterize the trade-off between the

performance and the perceived challenge level of a task. In particular, in the

sample Pareto plots, both participants can achieve their best scores where their

perceived challenge level is low and their performance decreases as their per-

ceived challenge level increases. Furthermore, the trade-off curves also allow us

to evaluate if the game is too challenging or easy for the participant, by check-

ing their performance under high and low assistance levels, respectively. In such

cases, it may be preferable to change the game to better cater to the abilities of

the participant.

As hypothesized in H3, comparisons of the trade-off curves characterized at the

different stages of training provide a rigorous means of evaluating training per-

formance. In the bottom rows of Figure 5.8, the changes between the pre-and

post-training trade-off characterization plots capture the progression of the par-

ticipants under assistance. For Participants 1 and 2, the shifts in the Pareto

plots explicitly indicate that participants not only perceive the game as less

challenging after the training, but also their scores improve significantly. Ac-

cordingly, their post-training Pareto curves have shifted towards right and down-

wards, compared to their pre-training Pareto curves.
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Figure 5.9: The shift indicated with the blue arrow shows that the partici-
pant’s performance improved after training while the shift indicated with the

red arrow shows that the participant perceives the game as less difficult.

For instance, Figure 5.9 shows that for Participant 2, the perceived level of chal-

lenge for the most difficult game has reduced from hard to moderate, indicat-

ing that the game became easier to play as learning took place. The positive

progress in the performance can also be observed by the shrinkage of the Pareto

front towards the right side, which captures the region for higher game scores.

This shift indicates the game scores for the most difficult perceived challenge

level have increased from 0.30 to 0.55 for Participant 2.

These improvements can also be observed in the GP regression models, before

and after the training. For instance, one can observe by inspecting the surrogate

function for the perceived challenge level and game scores of Participant 2 that

the performance and challenge saturates around 70% assistance pre-training,

while this saturation shifts to 45% assistance after the training. Hence, only the

assistance levels from 0% to 40% belong to the post-training Pareto solutions.

Comparison of the pre-and post-training surrogate functions is especially use-

ful to understand Pareto plots that consist of multiple disconnected sections.
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Figure 5.10 presents the results for a sample of low-performing Participant 3,

whose Pareto plots are harder to interpret. The surrogate functions for the per-

ceived challenge level and game scores help to understand the results. While

the worst performance of Participant 3 did not significantly improve from pre-

training to post-training, the shifts in the surrogate functions of this participant

indicate that Participant 3 requires less assistance to achieve a similar level of

performance as the pre-training case. In particular, the increase in performance

and the decrease in challenge level shifts from 70% assistance at the pre-training

characterization to 50% assistance at the post-training characterization. Accord-

ingly, the trade-off characterization captures improvements in the performance

that cannot be captured by only observing the participants’ performance with-

out any assistance.

Participant 3

Figure 5.10: Results for a sample low-performing participant

Finally, the trade-off curves of different participants can also be compared with

each other. For instance, the post-training Pareto front of Participant 2 is slightly

better than the pre-training Pareto front of Participant 1, indicating that Par-

ticipant 2 reaches a more advanced stage after the training, compared to the

pre-training performance of Participant 1. Note that rigorous comparisons of

different participants with each other, in general, is a challenging task, and a
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fair comparison of different participants is only possible by considering the non-

dominated solutions, as they capture the best possible performances of each

challenge level for all preferences.

Overall, this study demonstrates the feasibility of HiL Pareto optimization, its

usefulness in improving the efficacy of training performance of AAN controllers,

and its novel uses for performance evaluation and comparisons. Pilot experi-

ments are provided with one qualitative and one quantitative cost function to

demonstrate the use of two different forms of feedback mechanisms in HiL opti-

mization.

Finally, it is important to emphasize that the proposed approach is generic and

can be easily extended to Pareto solutions for any number and type of cost func-

tion. Similarly, while we have utilized USeMO as an efficient Pareto optimizer,

similar results may be achieved with other Pareto optimization approaches. Be-

sides, while this pilot study has been conducted for the single decision variable

of assistance level to promote ease of presentation, the proposed Pareto opti-

mization method trivially extends to a larger number of decision variables. Fi-

nally, the proposed Pareto training approach is only a sample design that uti-

lizes Pareto solutions for a training protocol. More sophisticated approaches, for

instance, an adaptive protocol that relies on instantaneous user performance to

select the most appropriate Pareto solution on the fly, may perform better in

terms of training efficacy. The determination and user evaluation of such alter-

native approaches are left as future work.



Chapter 6

A Generalized Transfer Learning

Framework for Bayesian

Optimization with Applications to

Robot-Assisted Rehabilitation

Bayesian optimization (BO) is widely recognized for its effectiveness in personal-

izing physical human-robot interaction (pHRI). Numerous studies have demon-

strated its efficiency in optimizing various aspects of these interactions, particu-

larly in tasks requiring precise adjustments to meet individual needs. Typically,

these studies have focused on optimizing single tasks, such as fine-tuning walk-

ing gait parameters for lower limb exoskeletons [11, 15, 28, 34].

However, the scope of interactive robotics often involves multiple distinct tasks,

each requiring optimization. Conducting BO for each task independently, with-

out leveraging prior knowledge, is not only inefficient but also impractical. To

address this challenge, integrating prior knowledge or employing multi-task opti-

mization strategies becomes essential to enhance the practicality and scalability

of BO in complex, multi-task pHRI applications.

94
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In this chapter, we first develop a generalizable transfer learning methodology

for Gaussian Process (GP)-based models. This approach is designed to increase

the effectiveness and practicality of human-in-the-loop (HiL) optimization strate-

gies, particularly in applications where data efficiency and adaptability are cru-

cial.

In our transfer learning methodology, we first focused on transferring from one

GP model to another with fully Bayesian-based computation techniques to find

the exact posterior. While doing it, we also divided equations such that differ-

ent GP modeling strategies can be compatible without a need for developing a

specific methodology to combine different GP modeling techniques such that one

can transfer from a GP model with approximated posterior such as qualitative

GP models to a GP model with exact posterior results.

Then, we extend this methodology to generalize to allow transfer from multiple

GP models without adding heavy computational burdens. This extension sig-

nificantly increased the practicality of our method for pHRI application where

many offline HiL experiment results can be correlated with an online one.

We demonstrate the application of our transfer learning-based HiL optimization

strategy in personalizing robot-assisted rehabilitation sessions. By transferring

data from prior tasks, we accelerate the optimization process, allowing for more

efficient personalization of assistance levels during rehabilitation.

Our novel contributions are listed below.

(i) We developed a generalizable transfer learning framework for Bayesian op-

timization to increase the practicality of HiL studies and their applications

in pHRI that involve various tasks.

(ii) We propose a systematic and practical means of using Bayesian optimiza-

tion in the personalization of robot-assisted rehabilitation sessions by im-

plementing our transfer learning framework.
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(iii) We developed a systematic methodology for tracking the patients’ progress

and comparing their progress with each other as well as among various

physical tasks.

6.1 Generalized Transfer Learning Framework for

GP Models

We develop a transfer learning strategy by defining a source GP model GPs

from which information is transferred and a target GP model GPt to which the

information is transferred. Each GP model has its own dataset and latent func-

tions. The source dataset Ds includes parameters xs and their corresponding

outcomes, either numerical measurements ys or qualitative evaluations qs. Sim-

ilarly, the target dataset Dt includes parameters xt and their outcomes yt or

qt. We define the latent function values for the source model as fs and for the

target model as ft.

To enable information transfer, we combine the source and target GP models

into a multi-task GP framework, which includes latent function values fs, ft,

and target latent function value ft∗ corresponding to any feasible parameter

xt∗ . While information transfer can occur between any GP models in a multi-

task GP model, our focus is to find the posterior distribution of the target latent

function value ft∗|Dt,Ds .

We apply Bayesian inference to conditioning source and target dataset with two

steps to avoid the computational burden of calculating all information transfer

between GP models in the multi-task GP model and produce a more generaliz-

able approach. We first apply Bayesian inference techniques to transfer informa-

tion from the source dataset and apply again to transfer information from the

target dataset to make predictions for ft∗ by utilizing both datasets.

Finally, we extend our approach by merging it with a modified version of the

Bayesian Committee Machine (BCM) [58], an approximation method for GP
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models with large data sets, to effectively compute when the source GP model

includes various GP modeling techniques or consists of a large data set.

During the derivations, we model prior expectations of GPt and GPs as 0 for

simplifying equations but one can extend our transfer methodology easily to GP

models with non-zero prior.

6.1.1 Multi-Task Gaussian Process

The source GP model GPs can consist of a single GP model or multiple GP

models in the form of multi-tasking GP as shown in Eqn. (6.1) and Eqn. (6.2).

fs = [fs1 ,fs2 , ...,fsM ] ∼ GP (0, V ar(fs)) (6.1)

V ar(fs) = Kss =


Ks1,s1 · · · Ks1,sM

... . . . ...

KsM ,s1 · · · KsM ,sM

 (6.2)

Let fs represent the latent function values for parameters xs used in training

the GPs and let ft denote the latent function for the parameters xt of GPt.

Finally, let ft∗ be a latent function value for arbitrary parameter xt∗ in GPt.

Then all latent functions can modeled in a single multivariate Gaussian distribu-

tion as shown below.


fs

ft

ft∗

 ∼ GP



0
...

0

 ,


Kss Kst Kst∗

Kts Ktt Ktt∗

Kt∗s Kt∗t Kt∗t∗


 (6.3)

Variables in Eqn. (6.3) are defined below.

• Kss is the kernel matrix between points of source GP’s
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• Ktt is the kernel matrix between points of transferred GPs

• Kst is the kernel matrix between points of source and transferred GP

• Kt∗t∗ is the kernel matrix between arbitrary points of source and trans-

ferred GP

• Ktt∗ is the kernel matrix between points and arbitrary points of source

and transferred GP

• Kst∗ is the kernel matrix between points of source GP and arbitrary points

of source and transferred GP

We provide two methods for calculating the kernel matrix for the multi-tasking

GP model. We have used the intrinsic coregionalization model for simplicity.

Intrinsic Coregionalization Model In the ICM approach, a single kernel

is used for making kernel matrices between different GPs (tasks). For Gaussian

processes i and j,

k(x, i), (x′, j)) = wij ∗ k(x, x′) (6.4)

wij is the correlation coefficient between Gaussian process i and j. It is impor-

tant to select wij such that the overall multi-tasking matrix should be positive

semi-definite.

As the ICM approach requires the utilizing a single kernel function for all GP

models, it can limit the usage of the methodology. One can choose to use a lin-

ear coregionalization model as a generalized version of ICM to use different types

of kernel functions to build a multi-tasking GP model.

Linear Coregionalization Model The LCM approach uses a linear weighted

combination of multiple kernels to make kernel matrices between different GPs
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(Tasks). For Gaussian processes i and j,

k((x, i), (x′, j)) =

nGP∑
k=1

wijk ∗ k(x, x′) (6.5)

wijk is the correlation coefficient between Gaussian process i and j for the kth

kernel. This approach allows transfer between GP models employed by different

kernel functions.

6.1.2 Data Transferred From a Source to a Target GP Mo-

del

In this section, we demonstrate how we apply Bayesian inference in two-step to

conditioning datasets to find a posterior distribution of ft∗|Ds,Dt .

Bayesian
Update

Bayesian
Update

Figure 6.1: Data transfer from a source GP model to a target GP model

We first evaluate posterior distributions for source latent function values fs|Ds

using the source dataset Ds. Then we use this posterior distribution to condi-

tion source data on target latent function values to get new probability distribu-

tions ft|Ds and ft∗|Ds . Hence, we transfer all information to the target GP mo-

del. Finally, we evaluate the posterior distribution of ft|Ds,Dt and use it for con-

ditioning the target dataset on ft∗|Ds to find a posterior distribution of ft∗|Ds,Dt

which uses both information of source and target.

This approach is similar to the projected process approximation [19, 57], which

is often used to speed up the computation of exact posterior predictions in GP
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models. The key difference is that our method calculates the posterior exactly,

whereas the projected process approximation predicts a new distribution for the

target latent function values only for the parameters in the target dataset, ft|Ds .

As a result, in the projected process approximation, the posterior predictions are

less affected by the source dataset when xt∗ is distant from the parameters in

xt [19].

Normally, the value ft∗|Ds,Dt is determined by applying Bayesian inference in a

single step, conditioning on both the source and target datasets using a multi-

task GP model. Both the single-step and two-step approaches calculate the ex-

act posterior. However, while two-step conditioning doesn’t increase computa-

tional efficiency for transferring between GP models with quantitative data, it

significantly increases efficiency for GP models where posterior calculations are

computationally expensive.

Additionally, the two-step method allows for calculating the posteriors of both

the source and target models using independent techniques, making it possible

to use different types of GP models within the same transfer process. Conse-

quently, two-step conditioning allows for transferring between GP models that

employ different strategies for approximating their posterior distributions. For

instance, one model might use expectation propagation while another uses Laplace

approximation, or the transfer could occur from a GP model that calculates its

posterior directly to another that uses Laplace approximation.

6.1.2.1 Data Transferred Prior GP Model

We predict a prior distribution for a GPt using the posterior model of GPs and

its data Ds. Let inferred version of ft and ft∗ according to the Ds represented

as below.
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 ft|Ds

ft∗|Ds

 ∼ GP

E(ft|Ds)

E(ft∗|Ds)

 ,

 V ar(ft|Ds) Cov(ft|Ds, ft∗|Ds)

Cov(ft∗|Ds, ft|Ds) V ar(ft∗|Ds)


(6.6)

Variables in Eqn. (6.6) are derived as below.

E(ft|Ds) = KtsK
−1
ss E(fs|Ds)

E(ft∗|Ds) = Kt∗sK
−1
ss E(fs|Ds)

V ar(ft|Ds) = Ktt|Ds = Ktt −Kts(K
−1
ss −K−1

ss V ar(fs|Ds)K
−1
ss )Kst

V ar(ft∗|Ds) = Kt∗t∗|Ds = Kt∗t∗ −Kt∗s(K
−1
ss −K−1

ss V ar(fs|Ds)K
−1
ss )Kst∗

Cov(ft|Ds, ft∗|Ds) = Ktt∗|Ds = Ktt∗ −Kts(K
−1
ss −K−1

ss V ar(fs|Ds)K
−1
ss )Kst∗

This way, the transfer is simplified as creating a GP model with non-zero mean

values. One can apply the calculations of E(ft∗|Ds) and Cov(ft|Ds, ft∗|Ds) for

finding prior mean and kernel function values necessary for creating the GP mo-

del.

Transferring Data from Quantitative GP models For a quantitative

source GP model, E(fs|Ds) and V ar(fs|Ds) calculated as shown below.

E(fs|Ds) = Kss(Kss + σ2
wsI)

−1ys

V ar(fs|Ds) = Kss − (Kss(Kss + σ2
wsI)

−1Kss) = σ2
wsKss((Kss + σ2

wsI)
−1)

Then the transferred GP prior terms in Eqn. (6.6) reduces to
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E(ft|Ds) = Kts(Kss + σ2
wsI)

−1ys

E(ft∗|Ds) = Kt∗s(Kss + σ2
wsI)

−1ys

V ar(ft|Ds) = Ktt|Ds = Ktt −Kts(Kss + σ2
wsI)

−1Kst

V ar(ft∗|Ds) = Kt∗t∗|Ds = Kt∗t∗ −Kt∗s(Kss + σ2
wsI)

−1Kst∗

Cov(ft|Ds, ft∗|Ds) = Ktt∗|Ds = Ktt∗ −Kts(Kss + σ2
wsI)

−1Kst∗

Transferring Data from Qualitative GP models If the source GP is a

qualitative GP model and calculated by Laplace approximation, then E(fs|Ds)

and V ar(fs|Ds) calculated according to 3.3.

E(fs|Ds) = f̂s = argmaxfs
(log(P (Ds|fs)P (fs)))

V ar(fs|Ds) = (Ws +K−1
ss )

−1

Ws denotes the negative hessian of log(P (Ds|fs)P (fs)). Accordingly, the trans-

ferred GP prior terms in Eqn. (6.6) reduces to

E(ft|Ds) = KtsK
−1
ss f̂s

E(ft∗|Ds) = Kt∗sK
−1
ss f̂s

V ar(ft|Ds) = Ktt|Ds = Ktt −Kts(Kss +W−1
s )−1Kst

V ar(ft∗|Ds) = Kt∗t∗|Ds = Kt∗t∗ −Kt∗s(Kss +W−1
s )−1Kst∗

Cov(ft|Ds, ft∗|Ds) = Ktt∗|Ds = Ktt∗ −Kts(Kss +W−1
s )−1Kst∗

6.1.2.2 Bayesian Inference for GP Models After Data Transfer

Based on the transferred prior GP model, posterior inference can be conducted

similarly as shown in 3.2. The goal of Bayesian Inference is to estimate the pos-

terior distribution for the latent function ft∗|Ds,Dt for a given assistance level,

x∗ based on source GP data, Ds and transferred GP data Dt.
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The posterior distribution of ft∗|Ds,Dt shown as

ft∗|Ds,Dt ∼ GP (E(ft∗|Ds,Dt), V ar(ft∗|Ds,Dt)) (6.7)

The generalized version of expectation and variance are given below.

E(ft∗|Ds,Dt) = E(ft∗|Ds) +Ktt∗|DsK
−1
tt|Ds

(
E(ft|Ds,Dt)− E(ft|Ds)

)
(6.8)

V ar(ft∗|Ds,Dt) = V ar(ft∗|ft,Ds,Dt) +Ktt∗K
−1
tt V ar(ft|Ds,Dt)K

−1
tt Ktt∗ (6.9)

V ar(ft∗|ft,Ds,Dt) = Kt∗t∗|Ds −Kt∗t|DsK
−1
tt|Ds

Ktt∗|Ds (6.10)

Equations 6.8 and 6.9 apply to all GP model types. Based on these equations

one can estimate latent function values for new points based on both data of

previous GP models and data of the current model.

6.1.2.3 Bayesian Inference for a Quantitative GP Models After Data

Transfer

The posterior of the quantitative GP model after data transfer is computed ac-

cording to equations in 3.2 by using transfer augmented version of kernel ma-

trix components and prior mean values.

E(ft|Ds,Dt) = E(ft|Ds) +Ktt|Ds(Ktt|Ds + σwtI)
−1(yt − E(ft|Ds)) (6.11)
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Where yt is the observed numeric data and σwt is the standard deviation corre-

sponding to noisy numeric data of the transfer GP model.

V ar(ft|Ds,Dt) = Ktt|Ds −Ktt|Ds(Ktt|Ds + σwtI)
−1Ktt|Ds

= σ2
wtKtt|Ds(Ktt|Ds + σ2

wtI)
−1

(6.12)

Using the posterior mean and variance for the transferred quantitative GP mo-

del, the estimated mean shown in 6.8 becomes as shown below.

E(ft∗|Ds,Dt) = E(ft∗|Ds) +Ktt∗|Ds(Ktt|Ds + σwtI)
−1(yt − E(ft|Ds)) (6.13)

The variance shown in Eqn. (6.9) becomes

V ar(ft∗|Ds,Dt) = Kt∗t∗|Ds −Ktt∗|Ds(Ktt|Ds + σwtI)
−1Kt∗t|Ds (6.14)

6.1.2.4 Bayesian Inference for a Qualitative GP Models After Data

Transfer

The posterior of the qualitative GP model after data transfer is computed sim-

ilarly to the non-data transferred version. By using Laplace approximation re-

sults with a GP model as depicted in Eqn. (6.17).

log(P (ft|Dt,Ds) ≃ log(P (f̂t|Dt,Ds))

+ (ft − f̂t)
d2log(P (f̂t|Dt,Ds))

2!df 2
t

(ft − f̂t)
(6.15)

f̂t = Argmaxft(log(P (Dt|ft)) + log(P (ft|Ds)) (6.16)

The posterior distribution of boosted reward GP is given as:

ft|qt,Ds ∼ GP (f̂t, (K
−1
tt|Ds

+Wt)
−1) (6.17)
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Wt is the negative hessian of log(P (qt|f̂t))

Wti,j = −
∂2log(P (qt|f̂t)

∂fti∂ftj
(6.18)

Since the transferred posterior has a Gaussian distribution, ft∗|Dt,Ds also has a

Gaussian distribution.

ft∗|Dt,Ds ∼ GP (E(ft∗|Dt,Ds), V ar(ft∗|Dt,Ds)) (6.19)

Mean and variance of ft∗|Dt,Ds is found by marginalizing P (ft∗, ft|Dt,Ds) with

respect to ft then, finding E(ft∗|Dt,Ds) and E(f2
t∗|Dt,Ds

)

E(ft∗|Dt,Ds) = E(ft∗|Ds) +Kt∗|DsK
−1
tt|Ds

(f̂t − E(ft|Ds)) (6.20)

V ar(ft∗|Dt,Ds) = Kt∗t∗|Ds −Kt∗t|Ds(Ktt|Dt +W−1
t )−1Ktt∗|Ds (6.21)

6.1.3 Modifying Bayesian Committee Machine for Trans-

ferring from Multiple Source

Our goal in utilizing the BCM is to approximate the latent function ft∗|Dt,Ds

without needing a rigorous and computationally intensive data transfer from

source to target. We divide the source GP model into multiple but easier-to-

compute GP models and conduct the transfer process independently and in par-

allel for each source GP model. Then using a modified version of the BCM we

estimate ft∗|Dt,Ds .

For utilizing BCM for transfer learning we start with a probabilistic relationship

between datasets, Ds and Dt, and target latent function ft∗ . This relationship

is demonstrated below with a proportionality.
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P (ft∗|Dt,Ds) ∝ P (Ds|ft∗,Dt)P (ft∗|Dt) (6.22)

Then we divide Ds into M subsets such that Ds = {Ds1 ,Ds2 , ...,DsM} and

each Dsi in Ds belong to different offline GP model. We approximate P (Ds|ft∗,Dt)

term in 6.22 as a product of P (Dsi|ft∗,Dt) assuming that each Dsi are inde-

pendent from each other.

P (Dsi|ft∗,Dt) ∝
P (ft∗|Dsi,Dt)

P (ft∗|Dt)
(6.23)

Merging of Eqn. (6.22) and Eqn. (6.23) results in

P (ft∗|Dt,Ds) ∝
∏M

i=1 P (ft∗|Dsi,Dt)

P (ft∗|Dt)M−1
(6.24)

By following the previous sections 6.1.2.1 6.1.2.2, one can find exact distribu-

tions of each ft∗|Dsi,Dt and their probability function, P (ft∗|Dsi,Dt).

The posterior distribution of ft∗|Dt,Ds can be found as a Gaussian using the

proportionality in 6.24 as the resultant probability on the right-hand side has

a form of unnormalized Gaussian probability density function.

Bayesian
Committee
Machine

...

Figure 6.2: Bayesian committee machine approximation for combining M
different prediction of a posterior target latent function
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Distribution of ft∗|Dt,Ds is found as

ft∗|Dt,Ds ∼ GP (E(ft∗|Dt,Ds),Kt∗|Dt,Ds) (6.25)

Where the posterior expectation and covariance are found from the equations

shown below.

E(ft∗|Dt,Ds) = Kt∗t∗|Dt,Ds(−(M−1)K−1
t∗t∗|Dt

E(ft∗|Dt)+
M∑
i=1

(K−1
t∗|Dt,Dsi

E(ft∗|Dt,Dsi
)))

(6.26)

Kt∗t∗|Dt,Ds = (−(M − 1)K−1
t∗t∗|Dt

+
M∑
i=1

(K−1
t∗t∗|Dt,Dsi

))−1 (6.27)

6.2 HiL Pareto Optimization for Robot-Assisted

Upper Extremity Rehabilitation with Trans-

fer Bayesian Optimization

Assistive robotic systems in neurorehabilitation automate and enhance ther-

apy sessions, reducing the need for constant physiotherapist intervention. These

robots are included in passive, assisted, and resistive exercises. Passive exercises,

where robots follow a pre-defined path, do not engage patients’ active participa-

tion, limiting neuroplasticity recovery. In contrast, assisted and resistive exer-

cises promote recovery by requiring patients to exert effort and actively partici-

pate [123, 124]. Numerous studies have confirmed the positive impact of patient

effort and voluntary participation in rehabilitation [108, 125, 126], leading to

the development of various strategies to encourage these behaviors. However,

an ideal level of assistance that fits all patients does not exist due to individual

physiological differences.
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Determining the right amount of assistance is complex: too little assistance in-

creases effort but insufficient effort prevents completing the exercise or demo-

tivates a patient while too much assistance ensures completion but reduces pa-

tient engagement. The assist-as-needed (AAN) concept was introduced to ad-

dress this challenge, aiming to provide minimal assistance to maximize the effec-

tiveness of rehabilitation by maintaining an optimal balance between challenge

and support.

Many studies are focused on developing an AAN strategy focusing on physical

engagement. Velocity field-based controllers, which assist only when users de-

viate from their intended path, are commonly used in rehabilitation robotics to

promote active participation [102, 103, 105, 106, 107]. Adaptive controllers dy-

namically adjust assistance based on user performance through systematic poli-

cies derived from reinforcement learning (RL) methods like RBF kernel networks

and Q-learning [127, 128, 129]. Although These AAN-based control strategies

are effective, they tend to produce solutions specific to individual patients or de-

vices, making them less transferable across different settings.

More generalizable AAN strategies include sensor-dependent approaches, using

EMG and EEG sensors to measure patient engagement through bio-signals [111,

130]. RL-based AAN strategies were developed to provide generalizable solu-

tions, independent of specific devices or tasks [115]. For example, Pareek et al.

trained an RL model using virtual simulation data, which was then applied in

real-time to adjust assistance in a velocity field controller.

While most AAN approaches focus on physical engagement, some studies have

begun to include psychological factors like motivation and interest, recognizing

that mental engagement is also crucial for effective rehabilitation [116, 117, 131].

These studies suggest that for optimal rehabilitation, both physical and psycho-

logical aspects of patient engagement must be considered.

To create an effective AAN strategy, it is important to address both the physical
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and psychological needs of the user. Simply providing minimal assistance to en-

sure that a patient can complete an exercise might boost biomechanical partici-

pation for a single session. However, if the challenge is too great, it could lead to

frustration or fatigue, ultimately reducing the patient’s motivation to participate

in future sessions.

In our work, we focus on personalizing robot-assisted rehabilitation by finding

a trade-off between encouraging physical effort and maintaining the patient’s

motivation. Our goal is to increase biomechanical participation without causing

the patient to feel overwhelmed or discouraged. By carefully adjusting the level

of assistance based on both physical performance and psychological responses,

we aim to keep patients engaged and motivated throughout their rehabilitation.

To achieve this, we employ a HiL Pareto-based personalization method for reha-

bilitation sessions, utilizing a multi-criteria BO technique. During HiL trials, we

capture the user’s biomechanical performance using quantitative metrics, while

task comfort is assessed through qualitative evaluations. The evaluation of com-

fort is used during our strategy as perceiving a discomfort from an exercise indi-

cates that patients are not willing to further participate.

We also integrated transfer learning into our HiL trials to accurately capture the

trade-off between physical effort and perceived comfort without needing exces-

sive HiL trials for each rehabilitation task. Integrating transfer learning in upper

extremity rehabilitation is crucial for the practicality of our HiL Pareto-based

personalization method. Since each rehabilitation session involves multiple ex-

ercises, personalizing each one individually during a single session would either

require extensive participation in HiL experiments or alternatively, HiL trials

can be prematurely concluded with sub-optimal optimization outcomes.

6.2.1 Assistance Controller

In this section, we detail the implementation of force-field [132] and velocity-

field controllers [133], as adapted for the upper-limb exoskeleton Assist-On-Arm
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robot. These controllers, commonly used in assistance-as-needed contexts, pro-

mote active patient participation [134]. They operate based on time-independent

path errors. The reference path is formed as a four-dimensional B-spline curve,

fitted along four joint trajectories (shoulder adduction, flexion, internal rotation,

and elbow flexion angles) recorded for each exercise set. The robot does not in-

terfere with shoulder elevation and protraction during the exercises, thereby pre-

serving the natural shoulder path [135].

For the assistance controller, we first created a potential force field controller to

create a haptic rendering of a virtual tunnel such that users can only move in

a restricted space. Then we have added an additional velocity field-based con-

troller to assist the user in following a desired trajectory.

6.2.2 Potential Force Field Controller

Let the common position vector of the human user and robot be α in joint space

and the closest point to this position on the curve be αc. The contour error be-

tween the robot position and the reference curve can be calculated as

e = αc −α, (6.28)

and the unit normal vector at αc is given by

n̂ =
e

|e|
. (6.29)

Then, potential force field control as defined in [132] is given by the following

rule:

τwall =

k (|e| − δ) n̂+ b (α̇ · n̂) n̂ for |e| > δ

0 otherwise.

(6.30)

Eqn. (6.30) defines a haptic viscoelastic wall in the form of a hyper-cylinder

around the path where δ is the radius of the cylinder, k is the stiffness of the

wall, b is the viscous damping of the wall, and α̇ is the vector of joint velocities.
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The user can move freely through the cylinder in all directions and the increased

δ encourages repetitions without repetition while preventing an excess deviation

from the path, such as a spastic movement.

6.2.3 Velocity Field Controller

Since the force field does not provide any support to complete the trial, an addi-

tional controller is implemented to assist users in following a desired path.

τflow = Cd (α̇ref − α̇) (6.31)

α̇ref =

Γ
(
|e|n̂− ksh

|e| t̂
)
|e| > 0

Γt̂ |e| = 0

(6.32)

In Eqn. (6.32), t̂ represents the tangential direction to the reference path. Γ is

the velocity flow constant used for adjusting the magnitude of the assistance

while ksh is a parameter used to balance the trade-off between tangential and

normal forces and Cd is a constant used to amplify error deviation from refer-

ence velocity vector, α̇ref .

6.3 HiL Optimization Strategy

To personalize assistance, we selected two separate assistance levels as optimiza-

tion parameters. The first assistance level was applied during the initial half of

the movement, while the second level was applied during the latter half of the

movement path.
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Figure 6.3: Multi-Criteria HiL Bayesian optimization with offline informa-
tion transfer

Accordingly, we defined two quantitative and one qualitative optimization met-

ric. The quantitative metrics are the average difference between the desired ve-

locity and the average torque exerted by the assistive device, with the optimiza-

tion goal of minimizing both. The velocity difference metric reflects the user’s

physical performance in task execution, while the torque metric ensures minimal

assistance from the device. For the qualitative metric, we selected user comfort,

as it is crucial for voluntary participation in the session. To simplify the multi-

objective optimization problem, we combined the quantitative metrics into a

single cost function through scalarization.

For the assistance suggestion strategy, we first eliminate assistance regions that

are risky for the patient by applying empirical thresholds to avoid excessive or

insufficient assistance levels. We then conduct multi-criteria Bayesian optimiza-

tion using quantitative and qualitative GP models within the constrained assis-

tance parameter regions.

We used transfer learning to start the optimization of both qualitative and quan-

titative metrics, building upon past data to make the optimization process more

efficient. Furthermore, we developed a method for systematically correlating dif-

ferent rehabilitation tasks to adjust the rate of information transfer more pre-

cisely.
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6.3.1 Quantitative GP Model

Let tli and tui
represent the thresholds for the minimum and maximum assis-

tance levels within a certain region, where maximum applicable assistance corre-

sponds to 1 and the minimum assistance corresponds to 0. Let xi = (Ai1, Ai2) be

the set of assistance levels given for the ith trial and tli ≤ Ai1, Ai2 ≤ tui
. From

the assistance parameters, Ai1 is provided to the user during the first half and

Ai2 is provided during the second half of the motion.

The cost function is derived from two criteria, tracking the desired velocity and

less activation of the assistance controller. The controller exerts torque when

a patient is distant from the desired track or the patient moves less than the

desired velocity.

Let X = {x1, x2, .., xn} consist of n assistance parameter set and let Dy =

{y1, y2, .., yn} be a set consisting of n measured cost evaluation corresponding

to X.

The each yi in Dy are are calculated from cost function

yi =
1

2
(v̄i − vd)

2 +
λ

2
(τ̄i)

2 (6.33)

where v̄i is the average velocity of the end-effector, τ̄i is the average torque ap-

plied from the device to the human during the current HiL trial. We applied a

constant hyper-parameter, λ, to balance the importance of moving at the de-

sired velocity and minimizing the torque required to complete the task.

To simplify statistical modeling, we use statistical normalization before using

quantitative observations. Let Dynorm = {y1norm , y2norm , .., ynnorm} be the statisti-

cally normalized version of Dy.

yinorm =
(yimeas − 1

n

∑n
i=1(yimeas))√

1
n2

∑n
i=1(yimeas − 1

n

∑n
i=1(yimeas))

2
(6.34)
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Finally, we model a latent function f(x)N to represent the cost function. We ob-

serve a noisy version of the cost function values, Dy. Thus white noise convo-

lution is included in the prior GP model. We use GP equations given in 3.2 to

develop and update the quantitative GP model.

6.3.2 Qualitative GP Model

Let f(x)Q be the latent function representing users perceived comfort for the

trial. We sequentially observe the user’s ordinal classifications corresponding to

the trial’s comfort level, qo. The classifications are divided into three categories:

the movement causes discomfort, the movement is neutral (neither uncomfort-

able nor comfortable), and the movement is comfortable. We asked for addi-

tional pairwise preferences if the provided ordinal classification is in the same

category as the ordinal classification of the previous HiL trial.

Then, based on the provided classifications and pairwise preferences we build a

GP model with Laplace approximation as shown in section 3.3.1.1. In our mo-

del, we used Gaussian CDF-based probability Φ for the probabilities of qualita-

tive feedback.

The probability for parameter set xi belonging to the othj ordinal class is defined

as

P (qoi = oj|f(xi)) = Φ

(
toj − f(xi))

co

)
− Φ

(
toj−1 −f(xi)

co

)
(6.35)

where co is the ordinal noise level constant. The probability of selecting a pa-

rameter set xi1 over another parameter set xi2 is defined by

P (qpi = (xi1)≻(xi2)|f(x))=Φ

(
f(xi1 )− f(xi2 )

cp

)
(6.36)

where cp is the preference noise constant.
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6.3.3 Transfer Learning for Multi-Criteria Bayesian Opti-

mization

We use transfer learning with both the qualitative GP model and quantitative

GP model of multi-criteria Bayesian to increase the efficiency of the model. For

the quantitative GP model GPNt we transfer quantitative data DNs of previous

experiments and similarly, we transferred qualitative data DQs to the qualita-

tive GP model GPQt.

To systematically adjust the correlation between physical exercises, we define a

correlation metric using an RBF kernel based on the robot’s motion while cre-

ating a desired trajectory. With this metric, we aim to develop a consistent and

accurate methodology to adjust the transfer rate between tasks as the transfer

rate directly affects the performance of optimization. For instance, excessive in-

formation transfer from an uncorrelated data source can introduce biases and

misguide the optimization process, while insufficient transfer fails to leverage the

full benefits of previous experiments.

Let ᾱi be the averaged reference joint value for ith rehabilitation task and ᾱj be

the averaged reference joint value for jth rehabilitation task. Then we define the

correlation coefficient for two rehabilitation tasks as

wij = e−θtask(ᾱi−ᾱj)
T (ᾱi−ᾱj) (6.37)

The θtask hyper-parameter is determined empirically. For both qualitative and

quantitative models, the correlation coefficient is used to create a multi-task GP

model with the ICM method.

We divide all quantitative source data DNs into M sub-datasets DNsi in which

each DNsi belongs to a different rehabilitation task. We re-train each quantita-

tive source GP models GPNsi with their data DNsi and transfer DNsi to GPNt

by estimating a prior distribution of target latent function fNt|Dsi
. Then we
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find fNt|DNsi
,DNt

by utilizing target data DNt. We combine each fNt|DNsi
,DNt

with adjusted BCM method to develop a posterior model of fNt|DNs,DNt
.

Algorithm 4 Multi-Criteria Bayesian Optimization with Transfer
Learning

initiate S: Parameter space, GPNt: Quantitative target GP, GPQt: Qualitative tar-

get GP, Ntot: Total iterations, N0: Exploration iterations, Ds: Previous experi-

ment data, αnum: acquisition function for GPNt, αqual: acquisition function GPQt

1: Assign task coefficient between target and pre-existing source GP models

2: Transfer data Ds to update target GP models GPNt and GPQt

3: Create an initial sampling list X0 with search space exploration methods

4: for i=1, 2, . . . , N0 do

5: Select a parameter xi from X0

6: Measure velocity and torque data and evaluate numeric cost, yi

7: Get qualitative feedback qi from participant

8: Update Quantitative GP model, GPNt using xi and yi

9: Update Qualitative GP model, GPQt using xi and qi

10: for j=1, 2, . . . , Ntot −N0 do

11: Compute surrogate Pareto xp ← argmaxx∈A (αnum, αqual)

12: Select a parameter xj := argmax x∈xp (σqual × σnum)

13: Measure velocity and torque data and evaluate numeric cost, yj

14: Get qualitative feedback qj from participant

15: Update Quantitative GP model, GPNt using xj and yj

16: Update Qualitative GP model, GPQt using xj and qj

Similarly, we divide all quantitative source data DQs into M sub-datasets DQsi.

We re-train each qualitative source GP model GPQsi using their data DQsi to

estimate new prior GP models GPQti. Then we train each GPQti using data of

the target model DQt and combined each trained model with the adjusted BCM

method to develop a posterior model of GPQt.

Optimization Algorithm 4 consists of the transfer learning integrated version

of a multi-criteria Bayesian optimization algorithm. We begin by transferring
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data from the previous GP models to the quantitative and qualitative GP mod-

els. We use average movement angles of physical tasks in our kernelized distance

function to define correlations between GP models.

First N0 iterations are sampled with search-space sampling strategies such as

Sobol sampling. Afterward, the rest of the iterations are sampled by multi-criteria

acquisition function strategies. For the experiments, we adopted the same sam-

pling strategy as shown in [41]. We capture the trade-off between the acquisition

functions of the two target GP models by developing a Pareto front solution.

Then calculate the volumetric variance of each parameter in the Pareto front

and select the one with the largest variance for sampling. The process continues

until the total number of iterations reaches Ntot or no promising parameter set is

available, e.g., all expected improvement scores are beneath a certain threshold.

6.4 Experiment Design

In this section, details are given for experiment setup and experimentation de-

sign.

6.4.1 Experiment Setup

The experiment setup is created by the upper extremity rehabilitation device,

Assist-on-Arm connected to a visual interface. Assist-on-arm uses Matlab Real-

Time environment for controlling the device. The controller model includes pre-

defined mods such as calibrating the device, path saving, and task repeating

mode with a passive velocity field-based controller. The device includes both

mechanical and virtual limitations for safety purposes.

The visual interface displays a bird-feeding task to gamify rehabilitation move-

ments. It also visualizes a virtual tunnel with a trajectory spline at the center

that guides the user to track the movement. Visualizations are created by Unity

engine-based GUI.
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Visual Interface AssistOn-Arm

Figure 6.4: Experimental setup including a visual display and assistive
rehabilitation robot, AssistOn-Arm

6.4.2 Experimental Protocol

We conduct a plot experiment on one participant. The experiment consists of

one brief warm-up session and three distinct HiL physical arm movement task

practicing sessions. The participant was first informed about the assistive robot

and practiced basic arm movements to become familiar with the robot. Then,

the participant engaged in three distinct physical arm movement tasks with HiL

settings. Each task is designed to engage different biomechanical patterns.

Task 1 (Vertical Arm Movement): The participant was asked to move

their right arm vertically from a starting position near the right knee to a final

position above the head. The movement was performed without bending the

elbow throughout the trajectory.
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Figure 6.5: Start and end positions of the physical tasks

Task 2 (Vertical Arm Movement with Elbow Flexion): The second

movement was similar to Task 1, with the participant moving their right arm

vertically from the right knee to above the head. However, in this task, the par-

ticipant was instructed to bend the elbow to a 90-degree angle when the arm

reached a position parallel to the ground.

Task 3 (Cross-Body Movement): For the final movement, the participant

was instructed to move their right arm diagonally across the body, from a start-

ing position near the right knee to a final position at the left shoulder.

The first task was personalized using multi-criteria Bayesian optimization with-

out using any data from previous optimizations. The second task was person-

alized with a transfer learning setting utilizing the data of the first task. Then,

the third task is also personalized with a transfer learning setting by using data

from the first two tasks. We used our kernelized correlation metric for the joint

angles to determine the transfer rate between tasks.

For the third task, we applied transfer learning for multi-criteria Bayesian op-

timization by utilizing data from the first two tasks to increase the efficiency of

the personalization process.

We conduct 20 HiL trials for the optimization of each task to ensure the con-

vergence of all models. Optimization of each task took about 10 minutes and

overall, the experiment took approximately 40 minutes.
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6.5 Results and Discussion

First, We compared posterior GP models of task 2 and task 3 in which task 2’s

model used task 1 as the source, and task 3’s model used both task 1 and 2 as

sources. We make this comparison to examine how transfer learning affects the

optimization’s convergence. During the HiL experiments, we provided enough

trials for each model to converge in its optimal region, both with and without

transfer learning.

Next, to further analyze convergence, we defined a metric based on the probabil-

ity of improvement in which we modeled the probability of the final converged

optimal parameter surpassing the current optimal parameter. Accordingly, we

first selected the parameter with the highest predicted latent value, xbest, from

the GP model at the 20th iteration. For each iteration i, we selected the highest

expected latent value E(fmaxi
)), and evaluated the probability that the latent

value of xbest at the ith iteration, f(xbest)i , being greater than the maximum ex-

pected latent value E(fmaxi
). We represent this probability with P (f(xbest)i >

E(fmaxi
)).

Since E(fmaxi
) is the maximum latent value at the ith iteration, the probabilistic

metric can be at most 0.5, indicating when xbest becomes the highest evaluated

parameter.

6.5.1 Correlations Between Tasks

According to our kernelized correlation metric, the correlation between task 1

and task 2 is found as 0.82 while the correlation between task 2 and task 3 is

found as 0.76 indicating a high correlation between tasks. The correlation be-

tween task 1 and task 3 is found as 0.48 indicating these tasks are loosely corre-

lated.
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Figure 6.6: Quantitative GP model of task 2 with and without information
transferred from the qualitative GP model of task 1

6.5.2 Comparison of Quantitative GP Models

For analyzing the plots of quantitative GP models, we used their statistically

normalized versions to make a fair comparison between the models with and

without transfer learning.

Figure 6.6 compares two versions of task 2’s quantitative GP model: one with

transfer learning and one without. It shows how these models change across dif-

ferent iterations. In the mean plots, the red areas indicate higher predicted la-

tent scores, where users are expected to have more biomechanical performance.

In the standard deviation maps, blue areas represent low uncertainty, while red

areas represent regions of high uncertainty.

Throughout the iterations, the mean of the GP model with transfer learning

does not deviate as much as the mean of the GP model without transfer learn-

ing. Mean of the GP model without transfer. However, when both of the models
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Quant�tat�ve GP Model of Task 2

Figure 6.7: Convergence of quantitative GP models of task 2 with and
without transfer learning

reach iteration 20, their mean plots converge to a similar region.

When comparing the standard deviations of the models, the GP model with

transfer learning consistently showed lower standard deviations throughout all

iterations. By iteration 5, the standard deviation of the transfer learning mo-

del had already reached the final standard deviation level of the model without

transfer learning.

Figure 6.7, illustrates the convergence of GP models with and without transfer

based on our probabilistic metric. We consider the models to have converged

when the metric reaches the maximum score of 0.5 and stays consistent in the

following iterations. The GP model with transfer converges after 5 iterations,

while the model without transfer takes 17 iterations to converge.

The change in the two versions of quantitative GP models of task 3 is depicted

in Figure 6.8. For task 3, the effect of transfer learning is similar to its effect on

task 2. In the GP model without transfer, the initial best-predicted assistance
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Figure 6.8: Quantitative GP model of task 3 with and without information
transferred from the qualitative GP model of task 1 and task 2

parameter appears in the middle of the mean plot (shown by the intense red re-

gion). However, over time, the best-predicted parameter shifts toward zero as-

sistance, showing that the participant biomechanically performs better with less

help. In contrast, the mean plot of the GP model with transfer learning remains

more stable throughout the iterations, while both posterior mean plots of GP

models are similar.

The transfer learning utilizes information from two sources for the quantitative

GP model of task 3 and consequently, the model is initialized with low standard

deviation levels. The difference in standard deviations between the GP models

with and without transfer of task 3 is more noticeable compared to the stan-

dard deviation difference between the quantitative GP models of task 2 with and

without transfer learning.

Figure 6.9 shows that the transferred version of task 3 predicts the posterior op-

timal parameter xbest as near optimal from the beginning of the iterations and
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Quant�tat�ve GP Model of Task 3

Figure 6.9: Convergence of quantitative GP models of task 3 with and
without transfer learning

it converges around 10 iteration. Non-transferred version gradually increases the

latent scores of its final optimal parameter and converges around 14. As a result,

transfer learning increased the efficiency of the quantitative GP model by 28%.

6.5.3 Comparison of Qualitative GP Models

Figures 6.10 and 6.12 show the qualitative GP models for task 2 and task 3,

both with and without transfer learning. For both tasks, the qualitative GP

models without transfer learning start with a mean of 0 and a standard devia-

tion of 1, while those with transfer learning inherit the posterior mean and stan-

dard deviation from their source GP models which makes them initialized with

non-zero means and standard deviations below 1.

The changes in qualitative GP models of tasks 2 and 3 across the iterations fol-

lowed a similar pattern to the quantitative GP models. In particular, the mean

plots of the qualitative GP models with transfer learning showed less varia-

tion, while the GP models without transfer learning required some iterations for

their means to be stabilized. Additionally, the standard deviation levels in the
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GP models with transfer learning were lower than those in the models without

transfer learning.
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Figure 6.10: Qualitative GP model of second physical task with and without
information transferred from task 1

Figure 6.11 shows the convergences of the qualitative GP model with and with-

out transfer learning. According to the probabilistic metric, the model with

transfer learning converges at 14 iterations while the model without transfer

learning converges at 17 iterations. Similarly, Figure 6.13 shows the conver-

gences of the two models in which GP models with and without transfer learn-

ing converge at trial 10. Although they converge at the same time, mean plots

in Figure 6.12 show that the optimal regions of the GP model with transfer

learning less changed during trials in comparison with the GP model without

transfer learning.

Overall, with this work, we developed a transfer learning strategy to improve the

efficiency of HiL Bayesian optimizations. Our approach allows for the transfer

of information from GP models with both quantitative and qualitative metrics,
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Qual�tat�ve GP Model of Task 2

Figure 6.11: Convergence of quantitative GP models of task 3 with and
without transfer learning
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Figure 6.12: Qualitative GP model of task 3 with and without information
transferred from task 1 and task 2
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Qual�tat�ve GP Model of Task 3

Figure 6.13: Convergence of quantitative GP models of task 3 with and
without transfer learning

and it also facilitates transfer from multiple source models, which is challenging

without an approximation method.

We first developed a method for transferring information from a single source

to a target GP model. We then extended this to handle multiple sources us-

ing a modified version of BCM approximation to allow transferring information

without calculating inter-dependencies between sources. The method also accu-

rately calculates the effect of target data on posterior predictions exactly, with-

out making any approximations.

To test our approach, we conducted an experiment where a participant per-

formed three physical rehabilitation tasks with an assistive robot. The results

show that transfer learning accelerates the convergence of HiL optimizations for

both quantitative and qualitative metrics. Although both types of models re-

quired fewer iterations for convergence, the improvement was more for the quan-

titative GP models, in which, the number of trials needed for convergence was

significantly reduced.
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While our findings suggest that transfer learning improves the efficiency of HiL

experiments, such as the experiments with robot-assisted rehabilitation, the

experiment was a plot experiment for demonstrating our transfer learning ap-

proach on a real-life scenario and not enough to statistically conclude its effec-

tiveness. Future research will focus more on human trials to validate the effec-

tiveness of our transfer learning strategy.



Chapter 7

Conclusion

In this thesis, we introduced sample-efficient Bayesian strategies for Human-in-

the-Loop (HiL) optimization and demonstrated their applications across vari-

ous domains of physical Human-Robot Interaction (pHRI). We first presented

a Bayesian optimization (BO) framework based on qualitative user feedback to

improve the perceived realism of haptic rendering under conflicting haptic-visual

cues. Then, we extended BO to solve multi-criteria optimization problems, in-

cluding both qualitative and quantitative metrics to personalize assistance levels

during human motor learning. Additionally, we developed a transfer learning

strategy to boost the sample efficiency of HiL optimization and demonstrated its

practical use in personalizing robot-assisted upper-extremity rehabilitation.

We first developed a BO framework utilizing qualitative feedback through pair-

wise comparisons and ordinal classifications. We applied our BO framework to

a perceptual HiL study for exploring visual-haptic cue integration during multi-

modal haptic rendering under conflicting cues to establish a systematic approach

to determine the optimal visual scaling for haptic manipulation. As a result of

our study, we showed that HiL trials can effectively optimize visual-haptic con-

gruency parameters to ensure high perceived realism. We showed that by solely

adjusting visual feedback, a visual-haptic interface can change the perception of

129
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a haptic torsional spring rendering to be perceived as stiffer or less stiff. Conse-

quently, by utilizing visual scaling we showed that the range of perceived haptic

rendering levels can surpass the physical limits of the haptic device.

We expanded our research by aggregating data from HiL experiments to create

a predictive probability model to estimate the perceptual decisions of a popu-

lation. This model helps us study how multi-modal sensory cues affect people

during sensory integration, especially when those cues conflict. The model can

be used to explore important psychophysical thresholds such as the just notice-

able difference (JND) and the point of subjective equality (PSE) which allows

us to better understand how people process conflicting sensory information and

how they prioritize one sensory cue over another when discrepancies occur.

We advanced our HiL research by including multi-criteria BO to tackle the chal-

lenges of optimizing multiple, often conflicting, objectives in pHRI applications.

We proposed a HiL Pareto optimization approach to characterize the trade-off

between performance and the perceived challenge level in motor learning tasks,

specifically to provide minimal assistance. Our multi-criteria optimization model

combined a quantitative metric to capture user performance with a qualitative

metric to measure the perceived challenge level based on preference-based feed-

back. This trade-off, characterized by HiL Pareto optimization, informed the

design of assist-as-needed training sessions with optimal assistance levels.

We tested our approach in a HiL experiment where participants learned a new

motor skill using virtual reality training. This training was provided to healthy

individuals, and we compared our method’s performance with another leading

adaptive teaching strategy to show its effectiveness. As the learning process con-

tinued, we found that the trade-off between objectives evolved, and our multi-

criteria optimization method gave a fair way to measure progress, even when

participants couldn’t complete the task without assistance.

Finally, we enhanced our HiL methodologies with a transfer learning strategy,
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significantly improving sample efficiency by leveraging data from previous exper-

iments. These strategies reduced the need for extensive new data collection, ad-

dressing the impracticality of starting HiL trials from scratch for each new task

in pHRI applications. We demonstrated the effectiveness of transfer learning

in multi-criteria BO through a HiL experiment to develop personalized robot-

assisted rehabilitation sessions with various physical tasks.

Through HiL optimizations, we applied different levels of assistance to a rehabil-

itation robot while guiding a participant and, we used a quantitative metric to

assess user effort and a qualitative metric to evaluate perceived comfort. Once

an initial Pareto curve was established via HiL optimization, we transferred this

knowledge to subsequent tasks by correlating similarities among physical tasks,

eliminating the need for empirical or sample-dependent correlation methodolo-

gies. Our results indicated that transfer learning could significantly accelerate

HiL optimizations, making the process more efficient and effective.

In summary, we developed advanced extensions for BO strategies that broaden

the range of HiL solutions in various pHRI applications, making them more ap-

plicable and practical. We applied these enhanced BO methodologies across sev-

eral HiL-based pHRI studies to showcase their feasibility and effectiveness. By

doing so, we also provided a clear guide for how these methods can be used in

other pHRI fields.
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