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ABSTRACT

Human aware robot navigation refers to the navigation of a robot in an
environment shared with humans in such a way that the humans should feel
comfortable, and natural with the presence of the robot. On top of that, the
robot navigation should comply with the social norms of the environment. The
robot can interact with humans in the environment, such as avoiding them,
approaching them, or following them. In this thesis, we specifically focus on
the approach behavior of the robot, keeping the other use cases still in mind.
Studying and analyzing how humans move around other humans gives us the
idea about the kind of navigation behaviors that we expect the robots to exhibit.
Most of the previous research does not focus much on understanding such
behavioral aspects while approaching people. On top of that, a straightforward
mathematical modeling of complex human behaviors is very difficult. So, in this
thesis, we proposed an Inverse Reinforcement Learning (IRL) framework based
on Guided Cost Learning (GCL) to learn these behaviors from demonstration.
After analyzing the CongreG8 dataset, we found that the incoming human tends
to make an O-space (circle) with the rest of the group. Also, the approaching
velocity slows down when the approaching human gets closer to the group. We
utilized these findings in our framework that can learn the optimal reward and
policy from the example demonstrations and imitate similar human motion.

Keywords: Approaching Humans, Guided Cost Learning, Inverse Reinforcement
Learning, O-Space, Optimization
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1. INTRODUCTION

Remote working has been normal since the COVID-19 pandemic, and the practice
tends to grow in the future [1]. Most professional, academic, or personal interactions,
such as meetings, seminars, lectures, or even musical shows, were conducted through
video calling technologies. The popularity boom of remote meeting software such as
Zoom, Teams, Slack, etc. [2] shows that remote interactions and communications were
the key factors that helped maintain similar productivity during such a difficult time.
Nevertheless, the interaction over present video calling/conferencing technologies does
not feel real and natural and limits the mobility as in the actual scenario.

Telepresence provides a sensation to the user of a different physical location from
their actual location with the help of audio and visual devices such as cameras and
screens. In other words, the user experiences teleportation with an enhanced sense
of connectedness. Telepresence, in general, is a vague concept, and one can argue
that a video calling app is a telepresence technology. It is valid to some extent, but
the important thing we are missing is that telepresence technology should be able to
give the experience of virtually being in another environment. Virtual Reality (VR)
technology, using Head-Mounted Displays (HMD), can achieve the objective to a
large extent. It uses two lenses for eyes, headphones/speakers for ears, and body
tracking sensors to track the movement of the head or other body parts. The system
tries to deceive human perception by showing and playing the information about a
different environment A telepresence robot with integrated telepresence technology
can be the intersection between the virtual and real environment of such interactions.
Their application spans domains of industries and more unstructured environments
such as offices, public spaces, universities, hospitals, and houses.

Humans are considered dynamic obstacles for robots in most research. However,
human behavior is often not considered for making predictions based on movement.
Those that model the behavior of humans in the environment, do so only to avoid
collision with them. There is little research on how to approach to have an interaction
rather than avoid humans in an environment. Also, there is almost no such research that
focuses on telepresence robots. Although there are state-of-the-art robots with a high
degree of autonomy for navigation in deployed domains [3], due to the unpredictable
nature of the environment and humans, efficient interaction during navigation is
challenging to accomplish. Sequential methods [4], and mathematical modeling [5]
have been used to approach people by understanding human behaviors. The problem
is that these methods fail to capture the dynamics of the environment and cannot be
scaled.

Since humans intrinsically follow these basic characteristics, we can study human
behaviors for different navigation scenarios including how to approach people, and
implement these behaviors into the robot. Yet, things are not that easy because it’s
hard to understand and generalize human behaviors. Previous methods have tried
using sequential methods [4], and mathematical modeling [5] to approach people. The
problem here is that these methods fail to capture the dynamics of the environment,
and cannot be scaled. Even though human behaviors are difficult to model as a
mathematical function, we can assume that humans subconsciously optimize some
quantity while making rational decisions. So if we model such quantity as a function
of learnable parameters, we can learn the parameters using learning algorithms like



Inverse Reinforcement Learning (IRL) [6] by looking at the examples of humans
behaving in such scenarios. Then, we can use these learned parameters to replicate
these behaviors in the robot.

In IRL, the quantity that we want to learn the parameters of and optimize is called
reward. Similarly, the actions that lead to those rewards are behaviors or, in technical
terms, policy. We have to model our environment into states in such a way that there
are actions for different states and there are rewards for those actions. Also, the states
change according to the actions. IRL is different from Reinforcement Learning (RL)
because, in RL, we have to learn an optimal policy when the reward is given. Whereas,
in IRL, we have to estimate the reward from the expert demonstration examples. But
one issue of IRL is that, at each optimization step, we have to solve a full RL problem
to find the optimal policy for the new reward. The guided Cost Learning (GCL)
algorithm handles the problem pretty well by using Deep Neural Networks (DNN)
to approximate rewards and policy [7].

We take the trajectory examples from the CongreG8 dataset [8] because they have
the trajectories of the same scenario that we are trying to study, i.e., approaching and
joining a group. First, we preprocess the dataset and convert it into the format that
can be used in the IRL framework. During this process, we analyze the trajectories
and try to understand the properties that can be helpful while using them in the IRL
framework.

We want robots to understand the environment better so that they can be seamlessly
integrated into our daily lives. There is also a big gap in research on behavioral
expectations and execution when it comes to robot navigation around humans.
Although the research in HAN is ramping up some speed, there is still so much work
to be done to better understand the scenario, and its properties and integrate it with
telepresence technologies. In this thesis, I propose a learning framework that can learn
the behavior of a specific scenario, i.e., while joining a group, using already present
examples. Also, I analyze a dataset to find the properties that can be applied to make
some assumptions for the framework. The framework helps us to learn the rewards
associated with the trajectories of this specific scenario, and generate a path that has
similar properties as that of examples.

The main objectives of this thesis are to analyze a dataset for the approaching
scenario of HAN, establish the mathematical foundation for an IRL framework, and
structure the dataset into the input format required by the framework to learn the reward
functions and policy associated with the example trajectories.

1.1. Structure of Thesis

The Chapter 1 of this thesis introduces the thesis, motivation for the thesis, and
provides the objectives of this research. The Chapter 2 consists of the relevant
background concept and mentions the past works in HAN, telepresence, learning
from demonstration, and available datasets. The Chapter 3 has a detailed description
of the proposed framework. This section describes the dataset, data preprocessing
methods, and algorithms. Similarly, the mathematical formulation of the problem and
the approach to solving the problem are also explained here. The results and illustration
obtained in the various stages of our study are presented in Chapter 4. The discussion
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and analysis of the obtained results and future research ideas are also done in this
chapter. Finally, the Chapter 5 consists of the conclusion of the thesis.
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2. BACKGROUND AND RELATED WORKS

This section describes the background concepts and technical terms of HAN and
telepresence. It also mentions the relevant past works for HAN, learning by
demonstration, and datasets available.

2.1. Human Aware Navigation

Human Aware Navigation is the intersection between HRI and robot motion planning
[9]. HRI involves the study of interaction dynamics between humans and robots [10].
Robot motion planning is to plan and execute the navigation of the robot from a start
position to a goal position.

As the research in robotics navigation is increasing, HAN is also becoming a very
broad topic. Different aspects of HAN include criteria for robot navigation, additional
criteria for coexisting with humans, and different navigation scenarios. The minimum
criterion to satisfy in robot navigation is to avoid collisions by using robust navigation
strategies. Additional criteria are to enable the smooth coexistence of robots and
humans in the same environment is to make humans feel comfortable, natural, and
social. In a normal case, the humans around the robots should be able to acknowledge
and accept the existence of a robot. In the telepresence case, the humans around
the robot and the humans virtually inside the robot should feel comfortable, natural,
and social. In a broad sense, the scope of HAN is to provide a general navigation
framework that fits the essential criteria [9].

Scientists and engineers have successfully deployed autonomous robots in the same
environment with humans [11] such as: Rhino [12], Robox [13-15], Minerva [16],
Rackham [17], Mobot [18], and Cice [19]. These robots had robust navigation modules
that would avoid humans or other obstacles and navigate through an environment. The
strategies used were stop-and-wait, i.e., wait until the path was cleared or a minimal
required obstacle distance, which is a minimum distance the robot should maintain
when it sees an obstacle on its path. These methods mostly focused on avoiding critical
situations and failed to address the social aspect of navigation.

When navigating a robot in an environment with humans, the robot might cause
discomfort, harm, or surprise to the humans there. For example, a guider-robot might
move too slow or fast and might fail to avoid distraction to the person and the person
cannot follow it. When moving around a person, failing to maintain appropriate
distance might annoy or frighten the humans, depending on the context. Unnecessary
long routes, getting in the way of humans, overreacting near obstacles (suddenly
stopping or making noise), and approaching from behind are some other examples
that could discomfort humans due to robot navigation.

While comfort is a subjective concept, and it’s difficult to fulfill individual criteria,
some minimum things can be done to make humans feel comfortable. Humans, in
general, feel uncomfortable when the agents they are interacting with are either too
close or too far in terms of physical distance. So, the majority of literature for solving
the comfort issue in HAN considers the distance between the robot and humans [9]. A
virtual space known as “Proxemics” [20], and its derivations, which define interaction
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distances mutually respected by humans based on context and relationship, are quite
popular in HAN. More details about proxemics can be seen in Table 1.

Table 1. Proxemics distance depending on relationship and context [20].

Type | Specification Details
Intimate | 0-45cm | Embracing, Touching, Whispering
Personal | 45— 120 cm Friends
Social 1.2-3.6m Acquaintances and Strangers
Public >3.6m Public Speaking

Comfortable navigation can be ensured by eliminating obvious causes of discomfort.
Defining the area around humans as a cost function and potential field are effective
solutions, as they balance the goal of navigation and caused discomfort. For e.g., a
robot has to pass through a human in a confined space, using cost function or potential
field, robots can achieve the goal even by moving close to a human. But if we just
define the area around the human as forbidden, then the robot is stuck since there is
no room for compromise [21-23]. Another idea could be signaling at an appropriate
distance before performing anything that might cause discomfort [24].

Several studies have tried to make robots move similar to humans to make robots
acceptable to humans because it makes robots predictable, intuitive, or “natural” [9].
This behavior may also sometimes cause humans some discomfort, the “uncanny
valley” [25]. This issue has not caused any impact on robot navigation so far because
the issue only about looks [9]. So we can safely say that the benefit of making robots
more human-like outweighs the risks.

One of the methods used by researchers to make the robot motion natural is to make
the motion smooth. The velocity and geometry of the path can be made smooth by
minimizing the jerk of the motion and making the robots move more human-like [26].
For relative motion, sharing the direction [27], and following a formation [28] are some
properties exhibited by humans. Approaching from the front [29] rather than from the
back can be another approach to make the motion feel more natural.

Additionally, robots are expected to comply with norms of the society. Examples of
those norms can be: taking a side to move in narrow corridors, not causing unnecessary
discomfort or disturbance, staying in the queue, letting people leave the room before
entering through the doors, and so on. Most of the robots are hard-coded to behave
in a certain way while following the social norms like not violating the distance norm,
taking a side, or circumventing a group of people rather than passing through it [28,
30,31]. Robots are sometimes made to divert from the shortest path while crossing the
roads or standing in a queue [32] to value the social aspect of navigation.

All three criteria of HAN; comfort, naturalness, and sociability are interlinked with
each other. Compromising any one of them seems to affect another to some extent.
So, balancing these criteria can be a better idea than trying to break them and achieve
them separately. In summary, some ideas that can be implemented are: respecting
personal zones and affordance space, avoiding erratic or disturbing motion along with
culturally scorned behaviors, modulating speed, direction while approaching, and gaze
direction [9].
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To realize these requirements, a general navigation framework can be established.
Kruse et.al. [9] suggested one such framework, which can be divided into deliberate
planning and reactive planning group. There is also a third part, sensing and prediction
that provides the information about the environment through sensors and prediction
algorithms during both deliberating and acting stage. The block diagram is presented
in Figure 1

Deliberation Planning

Action
Selection ;
: Path Planning | !
Behavior !
Selection | — N
Pose Selection : Reactive Planning

g ' Local Planning

v

Actuators

Sensing and Prediction

Localization Prediction Mapping
K T K
Tracking

i

Detection

i

Sensors

Figure 1. A framework to execute HAN, suggested by [9]

The first part of this framework is the sensing and prediction part. This part helps
to produce a geometric representation of the environment by using data from different
sensors. Sensing and prediction of the environment play a vital role because of the
influence of static and moving obstacles in the navigation process. Prediction of human
behavior is difficult because it involves different factors depending on the context and
intent of both humans and robots, the limitation of sensors, and also it does not scale
very well. Prediction helps in planning steps in such a way that the robot can avoid the
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obstacles by avoiding being in the position where the obstacle might be in the future.
Prediction can be done using geometric reasoning as well as learning using data or
by a combination of both. A trajectory is normally straight with constant velocity but
slows down while changing direction [33], stochastic grid map of likelihood position
[34], a potential field for attraction/repulsion [35], continuous probabilistic models
(uncertainty) [36], stochastically maximizing the expectation of random paths to avoid
collision (this method uses both prediction and local planning together) [37], using
social forces while walking in a formation or group [38], etc. are the popular ideas for
prediction using geometric reasoning.

While the generalization of prediction may fail in some special cases, the calculation
is also expensive with an increase in information, so it does not scale. There also
lies the challenge of modeling uncertainty, which gives rise to the freezing robot
problem and requires human cooperation to solve it [3]. Learning, on the other hand,
improves over time as it gathers data to adapt in special cases with comparatively
low online computation costs. Data library can be used to predict short-term and
long-term trajectories using Expectation-Maximization (EM) and converting it into
a classification problem [39]. IRL and MDP-based methods are popular nowadays
because they have performed quite well for unstructured environments [40]. Most of
the learning-based methods at present are coupled with the planning steps [3].

Deliberation focuses on the action, pose selection, path planning, and finally
behavior selection. A planner has to make all these decisions to find the optimal
solution. Action planning and behavior planning are similar, where the former decides
on “what” and “whether”, and the latter on the “how” of the motion planning. Pose
selection is the position in which the robot will perform some specific task like stopping
or manipulation [9]. Path planning is to find a valid solution from start to goal. Pose
selection can be done to comply with our requirements of comfort, naturalness, and
social norms. For this part, a dynamic potential field can be created around the goal or
obstacle based on context [21].

Path planning yields a set of waypoints that have to be followed by the robot for
optimally achieving the navigation goal from the start position to the goal position.
Graph-based search in a 2D map (which has the information about the environment,
and obstacles) is the most common approach. Graphs that have square grids, arbitrary
lattices, or expanding random trees are used in this application [9]. Kinematic
constraints are also to be considered as well, as the design of a good cost function
is also challenging. A cost function depends on the combination of action and context.
If we represent a cost function in a 2D map, it becomes the costmap. This costmap
can be utilized by the global planner to construct the plan. The costmap can be
composed of different cost functions that capture different scenarios that might occur
during the navigation like object padding, occlusion, hidden zones, zones of high or
low noise, comfort distance, visibility, interaction regions, pass through left, inertia,
crowd density, velocity similarity, etc [9]. Similarly, a time dimension can be added
in planning to avoid blocking the path for each robot however, the computation cost is
increased exponentially, so the temporal planning is more commonly done in the local
planning step [36].

Selection of behaviors can be done to perform interaction tasks such as avoiding
and interacting with humans by defining appropriate behaviors for different scenarios.
State machines can be used to switch between different behaviors, like approaching,
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following, patrolling, searching, etc [4,41]. Potential fields are also a commonly used
approach to define such behaviors and modulate the velocity either during approaching
or going away or keeping the distance [21,28]. Behavior can also be modified in the
local planner by constraining the velocity in different contexts [42].

The reactive planning part is the main execution of the motion. Safety, obstacle
avoidance, and smoothness of the model are handled here. It is also called local
planning because it only plans for some distance or time in the future [43]. It defines
the motor responses to perceived static or moving obstacles. Hard constraints to avoid
the Inevitable Collision States (ICS) are imposed in this stage in addition to some other
constraints to make the motion more acceptable for humans [44]. Sampling-based
algorithms like Dynamic Window Approach (DWA) [45] and velocity obstacle [46]
approaches are the most common local planning approaches.

There can be multiple scenarios under HAN. The scenarios are dependent on the
application and categorized accordingly. Our idea is to group them according to
the type of interaction that they are having with the humans in terms of navigation.
Some interactions between robots with humans are avoiding them, approaching them,
following them, staying in a certain formation, and so on.

Human Aware
Navigation Scenarios

| | ‘ | ........

Avoiding Human Approaching Human Following Human | ........ iStaying in a Formation!

Figure 2. Different scenarios under HAN.

2.1.1. Related Works

This section consists of a brief description of works done in general HAN, followed by
the works done in avoiding people and approaching people.

Navigation for human-robot interaction tasks by Althaus et al. presented a state
machine-based method to control a robot to behave naturally and human-like while
interacting with humans in the environment [28]. The interactions were, entering
the room, approaching a group, being part of the group, and leaving the group. This
method provided a simplified approach to tackling the problem which was specific to
one case so, the generalization and scaling into a different environment is difficult,
however, the concept of formation and proxemics can be used in designing other
methods. Huttenrauch et al. studied the spatial relationships between robots and
humans when they are interacting. The study was more focused on understanding the
appropriate movement behaviors in interaction scenarios, which are crucial in non-
explicit communication such as signaling of intent [47]. Gomez et al. proposed
a mathematical formulation for the general formulation of the social path planning
problem. The formulation considers scenarios such as single or several humans, O-
space formulation, treating a group as obstacles, and so on [48].
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In the thesis by Rios et al., they proposed a risk-based navigation framework
for mobile robots [32]. The proposed methods integrated traditional approaches
of prediction of moving obstacles with social considerations such as proxemics,
formation, activity space, etc. The models attempted to address the estimated
discomfort and risk of disturbance on the path caused by robot navigation. However,
dynamic adjustment to different scenarios and the consideration of their shape and
appearance of them can be addressed in the framework. Bevilacqua et al. maximized
human comfort in a Human Aware Navigation scenario by solving an optimal control
problem to generate smooth trajectories [49]. The solution consisted of a two-tier
approach where the first generated waypoints and the second module would optimize
the path to enhance the user comfort. The cost function consisted of several parameters
that would represent different dimensions of user comfort.

Social Force Model (SFM) [50] is a popular approach for modeling pedestrian
dynamics. In simple terms, this model measures the aggregate virtual force (maybe
attraction or repulsion depending on context) exerted on the pedestrian by goals,
obstacles, other pedestrians, etc. This concept can be applied to applications such as
the formation of groups, group dynamics, and also human-robot navigation behaviors.
The system described by Hansen et al. used motion-pattern analysis to estimate the
intent of the human and move the robot accordingly. The system also used potential
fields around the human obstacle based on the intent estimate, and the robot would
move towards the region of the lowest value. This research aimed to make robots more
acceptable and natural by respecting the personal distance in different scenarios [21].
Qualitative Trajectory Calculus (QTC) [51] utilizes the relative spatial positioning of
the robot and human and encodes it into a state-space representation. QTC combined
with distance measure and probabilistic behavior model was applied into a sequential
model to study the joint spatial behavior of humans and robots. This approach can be
applied to study behaviors such as guiding, approaching, departing, or coordinating in
narrow spaces between humans and robots. A computational framework of proxemics-
based data-driven probabilistic models of social signaling in human-robot interaction
[52] used a concept that features such as physical, psychological, and psycho-physical
determine the proxemics behavior during interaction. On top of that, an interaction
potential-based trajectory planner and reactive proxemic controller were developed to
navigate the robot to conduct social interactions with the human.

In the research by Martinez et al., a multi-robot system architecture was developed
to guide a group of humans. The robot followed strategies to localize multi-humans,
and create a trajectory to control the group [38]. An architecture for multi-robot
communication was also developed for this purpose. The Social Force Model (SFM)
and center of gravity concept were the fundamentals for formulating the trajectory to
control the group. Lam et al. proposed a navigation algorithm for the harmonious
coexistence of humans and robots in the same environment. The navigation algorithm
used different rules regarding sensitive zones and yielded a virtual sensitive field
that included different scenarios. Then a motion planning algorithm would plan
and navigate the robot in that environment. However, inaccuracies in the movement
tracking of humans adversely affected the performance of this algorithm [53].

Banisetty et al. introduced a Pareto Concavity Elimination Transformation
(PaCcET) based planner which was integrated into Robot Operating System’s (ROS)
local planner [54]. The approach successfully worked on scenarios such as a hallway,
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art gallery, queue, and group interaction. The robot performed well in terms of
efficiency and cost in scenarios where the robot required prior knowledge on what
interaction task to perform.

The review paper by He et al. reviewed several robot motion planning methods,
including classical as well as more modern reinforcement learning-based methods.
Classical methods have different stages starting from map acquisition, discrete path
searching, and trajectory generation to trajectory tracking using local planners.
Reinforcement learning-based methods can have the map of the environment and
optimize using learning algorithms or can be mapless and have end-to-end architecture.
The latter method can also be extended to work on multi-robot planning problems.
However, there are still many performance and scalability issues to tackle before
deploying these algorithms in real, unstructured environments [55].

HAN: Avoiding Humans

A concept called reciprocal velocity obstacles [56] can be used for autonomous
collision and oscillation-free navigation among static and dynamic obstacles.
Reciprocal Velocity Obstacles is a modification of velocity obstacles [57] designed
to overcome the oscillation problem observed in the original method. This concept
works in two-dimension space, and multi-agent scenarios (1000 agents) and also can
be extended to work in high-speed obstacles and three-dimensional space. A proactive
social motion model [58] used ideas from the extended social force model and hybrid
reciprocal velocity obstacle technique to enable a robot to navigate safely and socially
in a crowded dynamic environment.

For stabilizing the formation of multiple moving agents, Tanner et al. developed a
decentralized controller that worked in a cooperative approach using local navigation
functions [59]. The agents used relative orientation and position to form a stable
formation and avoid a collision. This was achieved by fine-tuning the parameters
of the navigation functions, which are based on the geometry of the space and
the degree of interconnection between the agents. The approach was tested in
the simulated environment of three and four moving agents. By tackling socially
aware robot navigation as a learning problem rather than a traditional model-based
problem, better human relative motion behavior can be reproduced [60]. The research
took the annotated surveillance data, learned the human relative motion behavior
using unsupervised learning to compute a dynamic costmap, and finally plan socially
acceptable avoidance maneuvers.

By explicitly modeling the negative examples (collision or discomfort) for socially-
aware robot navigation, Liu et al. were able to reduce the collision rates compared to
different state-of-the-art methods [61]. The researchers proposed a social contrastive
learning method and formulate a loss that represented sufficient information for
distinguishing the positive and negative events during navigation. The research by
Finean et al. predicted the human motion in a dynamic environment and used
trajectory optimization-based motion planning [62]. The human motion prediction
was carried out in multiple stages using image processing algorithms, mapping, and
intent recognition. The information was integrated into the occupancy gridmap and
finally, the trajectory optimization algorithm was used to plan the path. Finally, the
verification of the results was done both in simulation and in physical robots.
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HAN: Approaching Humans

Researchers developed a multi-stage method to initiate the conversation between
robot and human [4]. The proposed model included predicting the walking behavior,
choosing the target, planning the approach path, and finally, non-verbally indicating
the intention to start the conversation.

Kato et al. designed and analyzed polite approaching behaviors for a customer
service robot by replicating the behavior exhibited by a customer and service staff
before initiating conversations [63]. First, the data was collected and then categorized
into different intention categories using Support Vector Machine (SVM) for estimation.
A state transition model was designed for the robot to exhibit one of three behaviors
depending on the observed intention of the customer. The researchers found out that
the model was effective for initiating a polite conversation however, the modeling is not
generalizable to other deployment scenarios or places with different social norms. The
robot designed by Repiso et al. was capable of approaching and engaging people [5].
The robot was able to predict the best encounter point to engage itself in the interaction
by modifying its pose and orientation. The calculation for the encounter point was
done by using the gradient descent method that considered the predictions of human
motions. It also used the extended social force model to include the dynamic goal. The
verification and validation of the concept in terms of social acceptance were done in
simulation as well as in real-life robots for various scenarios.

A proactive approach method for human service robots was proposed in [64]. This
method tackled the problem of estimating the pose and orientation of a human, and
the risk of unacceptability and discomfort caused by robot motion, by proactively
approaching the human in a socially acceptable manner. For doing so, the researchers
integrated the motion and interaction modules using behavior trees. A strategy for
the robot on how to approach people, not in a friendly way but for admonishment
by Mizumaru et al. [65]. First, the researchers observed the human motion for both
admonishment and friendly scenarios. Then, they implemented the findings in the
robot and verified the effectiveness of a real robot.

2.2. Virtual Reality (VR) and Telepresence

VR technology can be used to enable an immersive telepresence experience during
HAN scenarios. Because of the reason that this area is relatively new, the research in
this area is quite behind compared to other areas. The comfort and naturalness aspect
of the navigation holds in the case of telepresence, but in a slightly different viewpoint,
the viewpoint of the operator. The contemporary research also focuses on creating
comfortable and intuitive immersive telepresence technologies. On top of that, there
are researches creating remotely controllable telepresence robots.

Desai et al. described the essential features of a modern telepresence robot as
guidelines. The features include video, audio, user interface, physical features, and
autonomous behaviors [66]. Tsui et al. mentioned the iterative design process of a
semi-autonomous telepresence robot, which is a follow-up on a previous paper [67,68].
The papers have a detailed explanation of each stage of development, along with
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Navigation

Figure 3. VR and telepresence integration with HAN. Here, the person using a HHMD
and controller feels as if he is virtually immersed in the robot body, where he can
experience different HAN scenarios.

the requirements and design constraints they encountered during the whole platform
development process.

Researchers have also designed telepresence robots that can be controlled by brain
signals [69]. The system used ElectroEncephaloGram (EEG) signals from the brain
of the operator and fed them to a pattern recognition algorithm. Then, a shared
control algorithm was used to drive the telepresence robot (fitted with a camera) in
the environment and complete the desired task.

Suguitan et al. demonstrated multiple perspectives of telepresence robot application
in real life [70]. The remote-controlled robot had cameras that enabled it to experience
the robot in either a first-person perspective or a third-person perspective. To tackle the
problem of communication, Augmented State Extended Kalman Filter (AS-EKF) was
used to estimate the true position of the telepresence robot, eliminating the uncertainty
in localization caused by delay in communication and data processing [71].

The motion sickness in a highly automated transport system was in conflicting nature
with the journey time for an automated vehicle [72]. Also, the driving style had a more
severe effect on journey time and motion sickness compared to vehicle speed or road
width, while the higher vehicle speed resulted in short journey time and relatively lower
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motion sickness compared to low vehicle speed. The researchers used multi-objective
optimization in a predefined road for this research.

In the research by Mimnaugh et al., researchers performed preference, comfort,
and naturalness test in smooth path motion and piecewise linear path motion for the
immersive telepresence robot. They found out that the participants preferred the path
that had one meter per second forward speed and rated the path with the least amount
of turns comfortable [73]. In another paper, they concluded that both comfort and
naturalness had a strong effect on path preference, although the naturalness measure
was subjective to the participants. [74]

Another study focused on autonomously moving telepresence robot motion
behavior’s effect on the sickness and comfort of the participants [75]. There was a
moderate correlation between the user’s comfort and the sickness they experienced,
but there was no association between sickness with the choice of the comfortable path.
Also, the effect of turning speed was not correlated with either comfort or sickness.
However, lack of predictability could have been the possible reason for the discomfort.
The users also felt more comfortable and less sick when there was an increase in
distance between the walls/ obstacles with the camera.

To improve the comfort and reduce the sickness in telepresence experience,
Suomalainen et al. proposed an unwinding rotation technique while in motion [76].
Unwinding was done by reversing the default rotation of the camera so that the user
has control over the rotation movement while taking turns during motion. It was found
that the users preferred the control while moving rather than the default rotation of the
camera.

2.3. Learning from Demonstrations

In simple terms, learning from demonstrations is to learn the dynamics of decision-
making for the observations and model it mathematically with the help of a set of
examples of action for observations carried out by an expert. It helps to understand the
rationality of the decision and unfold unknown complex dynamics involved during
the process. Furthermore, it enables the learned system to take action for similar
observations in the future. A system can learn from demonstration by using algorithms
such as imitation learning [77] and IRL [6].

IRL is a subfield of machine learning that uses expert demonstration examples and
estimates the rewards associated with those demonstrations. Now, these rewards can be
used to derive a policy that explains the behavior of the expert. The Chapter 3 contains
more details about IRL.

[nverse Reward ; Polic
xpert . emforcement
. —> Reinforcement > . > World
Demonstrations . Learning
Learning =

Figure 4. Top level view of learning from demonstration using IRL, here the IRL learns
reward which is utilized by RL to derive good policies to act on the world.

Researchers have been using the idea of learning from demonstrations for robotic
applications. Since deriving the policies by hand is hard, intractable, and requires
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a lot of theoretical expertise, there is room for performance issues due to imperfect
modeling. Learning methods are getting popularity because it is simple to implement
and efficient [6].

Researchers learned different driving styles using demonstrations as examples to
understand the dynamics of driving styles that make the vehicles safe and reliable [78].
A linear parameterized sum of features associated with driving styles was used as the
cost function for the inverse reinforcement learning model to understand the driving
style of different drivers. A modular approach proposed by Kim et al. for path
planning of robots in a human environment using inverse reinforcement learning [79].
The first module extracted the features to characterize the state information (velocity
and density of obstacles) using a depth camera sensor. The second module used
inverse reinforcement learning to learn expert behaviors from the demonstration in
different states. Finally, the planning module integrated the prior information and used
a path planning algorithm to determine the shortest path. Also, the low-level planning
and execution including the immediate obstacle avoidance were handled by a typical
approach. Ramirez et al. studied inverse reinforcement learning in two scenarios
that took into account social norms for navigation [80]. First, the planner learned the
appropriate way to approach a person in an open area without static obstacles. Later,
the information was translated into learning the costmap using linear combinations of
continuous functions to generate a path.

Deep reinforcement learning to develop a time-efficient navigation policy that
respects the common social norms [81]. This method modeled the behavior of two
humans navigating at walking speed. Further, the approach was generalized to work
in an environment with multiple agents. A method for constructing an HRI policy
for multimodal probabilistic future scenarios was developed by Schmerling et al. [82].
This method learned the policy from a multimodal probability distribution for future
human actions by sampling the human responses to the actions predicted by the robot.
This concept was tested in a highway-like scenario using simulation.

Attention-based deep reinforcement learning network can be used to model
crowd-robot interaction [83]. By jointly modeling human-robot and human-human
interaction, the network was able to anticipate the crowd dynamics and navigate into
the time-efficient paths. Similarly, a dual social attention deep reinforcement learning
method found a feasible, collision-free path for a robot in a crowded environment [84].
Here, the dual social attention network would model the complex interaction of the
neighboring agents that helped the collision-free and efficient navigation of the robot
in that environment.

A reinforcement learning-based end-to-end learning method used Deep Q Learning
Network (D3QN) with convolution neural network (CNN) as its core network was
successful in learning to navigate a robot by avoiding obstacles using images from
Red Green Blue-Depth (RGB-D) camera [85]. A robust behavior cloning pipeline was
employed to train and deploy the human driving behaviors into autonomous vehicles
by Samak et al. [86]. The steering angle was predicted from a neural network model
that used camera images as input. The velocity commands were derived from the
steering output using a control function proposed in the paper. Extensive testing in
various simulated scenarios was carried out to analyze the computational efficiency
and robustness of the proposed pipeline.
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By balancing the social preference with the desire to reach the goal, a model was able
to learn the human-aware robot navigation using inverse reinforcement learning [87].
The proposed system used a force sensor to record the user input during navigation
and optimized a cost function to learn the behavior while navigating. The approach
was verified by deploying it into a real robot and using a user-based survey. The
approach proposed by Smith et al. predicted the future human intention to generate a
socially robust human avoidance behavior in the robot while remaining robust to the
uncertainty of the human intention and motion variance [88]. This method employed
a novel framework of cooperative MDP that considers the previous studies done on
human motion, intention, and preference. Here, the behavior of humans is modeled
into a discrete behavior model and the Co-MDP algorithm, which is a similar but
extended form of multi-agent MDP, predicts the action integrating both human and
robot behaviors and their joint transition function.

Decentralized Structural Recurrent Neural Network (DS-RNN) [89] learned the
spatial ad temporal relationship between robot and crowd to make decisions when
navigating through it. A model-free reinforcement learning method was applied to
learn in an unsupervised setting. Later, the policy was deployed and verified into a
real-world robot. Cui et al. used model-based reinforcement learning to learn the
policies to navigate through a crowded environment [90]. The reward functions were
designed to capture social conventions such as distance from other humans. This
method successfully avoided the obstacles and navigated through the crowd.

2.4. Available Dataset

We can find several datasets of HAN scenarios developed by researchers for research.
Most of the datasets are not for the general research of HAN but their specific study.
In particular, we searched for the dataset that is most relevant to our research with the
possibility of using it in our research. A dataset is typically composed of trajectory
data in a human environment that can be used to model the dynamics associated with
the environment.

The Edinburgh Informatics Forum Pedestrian Dataset [91] consists of over 90000
trajectories of pedestrians. The main objective of the research was to understand
pedestrian behavior in open spaces and entries. The data was taken from above. ETH
Pedestrian Dataset [92] used overhead cameras to track multi-person trajectories. It
contained over 650 trajectories and was more than 25 minutes in length. Crowds UCY
Dataset wanted to do the crowd simulation [93] by collecting 200 trajectories data.
Similarly, Train Station Dataset [94] used 33 minutes of footage by annotating it as
key-point trajectories to conduct crowd behavior analysis.

The Stanford Dome Dataset [95] took it to the next level by using 60 videos
and, 20000 detected participants. It used bounding boxes in the videos to track the
trajectories. The PETS Dataset [96] multipurpose dataset was released in 2009 as a
challenge that annotated crowd density, and person count in a 5-gigabyte video. It was
raw data and the detection and estimation were to be done by the researchers using it
for their research.
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The CongreG8 [8] is a dataset that has the trajectories along with body marker
data from the participants for an approaching scenario. It has 385 trajectories data
for human approaching and 38 robot approaching trials.
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3. PROPOSED FRAMEWORK

This chapter describes the proposed IRL framework. First, we describe our study
scenario, followed by the description of the dataset that we used and the data
preparation. Then, we formulate our problem mathematically, explain the environment
of the framework and finally, describe the algorithms used. In each section, we justify
our design choices, too.

3.1. Navigation Scenario and Dataset

Among the various interaction scenario in human-aware robot navigation, we are
interested in the scenario where the robot approaches a group of humans and tries
to join their group, as in figure 5. In this section, we describe the scenario of our study
and the detailed specification for the study environment.

Human Aware
Navigation Scenarios

[T ] e e

[ 1

Avoiding Human Approaching Human Following Human | ........ :Staying in a Formation;

Figure 5. Among different navigation scenarios, we are interested in approaching
humans (shaded in green)

The dataset [8] has full-body motion capture of the movement of the subjects
during a scenario where a human tries to approach and join a group of humans. The
participants play the game “who is the spy” [97], and the adjudicator approaches the
group. The dataset consists of 380 human approach trajectories. The duration of each
trajectory is between 2-30 seconds and the frequency is 120 frames per second (fps).
Each frame of data contains the 3D positions of all corrected markers and the 3D
position and rotation (quaternion) of skeletal bones of all four participants. In total,
there are 37 markers and 21 skeletal bones for each human. The dataset is available in
Comma Separated Value (CSV) file format. The scenario of data collection and marker
positions can be seen in figure 6. An example of a trajectory plot can be seen in figure
7

There are three main reasons for selecting this dataset for our research. First, we
had limited time, so it would have been challenging for us to design a whole new setup
for data collection. Second, the dataset has high-quality data that was perfect for us to
study the approaching behavior of the human and replicate it in the robot. Finally, the
dataset contains the marker position and orientation which is already processed and
corrected by the creators and used by other researchers in their experiments. So, we
don’t need to run tracking algorithms and clean the data before using it.

We have designed our environment to accommodate both the scenario and the
dataset. The environment space is a 6x6 m? square space which we divided into a
grid cell of 0.1x0.1 m?. So, we have 60 discrete rows and columns each, and a total
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Figure 6. (a) shows the scenario of data collection using 16 motion capture cameras,
(b) shows the position of bone markers (above the chest, 13/37 markers) in the body.

of 3600 grid cells. We chose the grid size in such a way that a human can move a
maximum of 1 step in either of eight directions per time step. In total, we have nine
movement possibilities (8 directions and one, not moving) at each time step, as you
can see in table 2. Similarly, the resolution for orientation is 10°. Furthermore, for
simplicity, we consider the humans in the group to be stationary, i.e., we only consider
the final position of the participants that are in the group.

Table 2. Movement and their effect in position per time step

S.No. Movement | Change in Grid (X, y)
1 No Movement 0, 0)
2 Up 0, 1)
3 Up-Right (1, 1)
4 Right (1,0)
5 Down-Right (1,-1)
6 Down O, -1
7 Down-Left (-1, -1)
8 Left (-1,0)
9 Up-Left -1, D




26

0001 e playerl ,

~0.25 1 ® player2
® player3
-0.50 A player 4
-0.75 A
N =1.00 1 -

-1.25 - °®
-1.50 A E
- 1 [ LR LN XY

1.75 o.....
-2.00 1 MLTTTY L E A

-22 -20 -18 -16 -14 -12 -10 -08 -06
X

Figure 7. Example trajectory plot, here player 3 (blue) is joining the group that already
has three humans (green, red, and yellow)

3.2. Data Preparation

This section describes the process that we used for preparing the data before using it
in our project. We will sequentially mention the process together with the reason for
using the specific method. Figure 8 illustrates our data preparation pipeline.

Load Data Extract HeadTop .C 0111P11te C o.nvert to Generate
. » and HeadFront —>» Orientation and —>»  GridWorld > Traiectori
e rajectories
CSV File marker position Resample Format J

Figure 8. Data preparation pipeline that generates trajectory from given raw data

As mentioned above, the raw data is in CSV file format. So, the first step in data
preparation was to load the data from CSV files. Each trajectory had its file so, we had
to run a loop to load every file. We used pandas DataFrame [98] for loading the files
and other processing steps.

Then, we extracted the marker positions HeadTop and HeadFront of each player at
each time step, which are markers 9 and 10 respectively from figure 6(b). We only
need HeadTop and HeadFront positions from now on because they are sufficient to
give the position and orientation of the participants.

Next, we computed the orientation of the players, which is the same as the
orientation of the vector that originates from the HeadTop marker and ends in the

HeadFront marker. For calculating orientation, we used the following equation:
0 = tan~' (22—
To — I
where 6 is the orientation, (x1, ;) and (x9,ys2) are the marker positions of HeadTop
and HeadFront respectively, for each participant. After calculating orientation, we
resampled the frame rate from 120 Hz to 12 Hz (10 times reduction). We did this
because the original frame rate was too high and there would not have been any actions
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for multiple frames. Decreasing the frame rate also reduces the memory and time
requirement during data processing.

The next thing we did was to convert the real-world position and orientation into
our discrete grid world format. As mentioned above, the resolution for the position
is 0.1 m whereas for orientation is 10°. Also, the lower bound and higher bounds for
position and orientation in the real world are (-3, 3), and (—7, 7), respectively. So, we

used the following equations to calculate the grid coordinates from world coordinates.
(xgrid7 ygrid) = ( y )
res yres

9 . =
grid
eres

Here, (%4rid, Ygria), and 6,4 are the position and orientation of a player in the
grid world which is derived from the position(x, y) and orientation(#) from world
coordinates. AlSO, Tyin, Ymin> Omins Tress Yres, and 6, are the low bound for X, vy,
6, and resolution for x, y, and 6. The table 3 has value of these parameters.

Table 3. Grid world parameters

Parameters Value Unit
Tmin -3 meter (m)
Ymin -3 meter (m)
Ormin —m or 180 | radian or degree (°)
Tres 0.1 meter (m)
Yres 0.1 meter (m)
Ores 10 degree (°)

Finally, we label the data (which coordinate belongs to the approaching participant
and which coordinates belong to the group’s participants) and generate trajectories in
terms of state and action pairs, which we will describe in the later section.

3.3. Problem Formulation

To solve a problem by using mathematical tools such as algorithms, logic, or
calculation, we need to properly define the problem in mathematical terms. This
process is also known as problem formulation. This section describes how we use
mathematics to structure the problem in that terms and related mathematical concepts
along with their evolution. First, we introduce the concept of the Markov Decision
Process (MDP), followed by Reinforcement Learning (RL) and Inverse Reinforcement
Learning (IRL). Finally, we describe the application of these concepts in our research.

3.3.1. Markov Decision Process

An MDP [99] is a discrete stochastic process that provides a framework for modeling
the situations where we know the probability of occurrence of some event depends on
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the action. MDP is typically used to make decisions in scenarios when there is some
uncertainty associated with the outcome provided an action by an agent.
An MDP is a tuple with four elements:

* S is the set of states.
e A is the set of actions.

* P,(s,s') is the state transition probability which is equal to p(s;41 = §|s; =
S, a; = a).

* R,(s,s) is the immediate reward.

At any time ¢, the process is in any one state s from the set of states .S in MDP.
The agent in charge can take any action a from the set of actions available, A and the
process moves to a new state s’. Here, the choice of a and resultant s’ yields a reward
determined by the reward function R,(s, s"). Also, the probability that the state moves
from s to s’ by taking action « is given by the state transition function P,(s,s’). We
can see that in MDP, the s’ depends on the s and a but is conditionally independent
of all previous states and actions. This property is also known as Markov Property.
Figure 9 is a simple example of MDP. It has three states and two probable actions for
each state. Also, there are transition functions for each state-action pair, whereas the
rewards associated with state and actions are sparse. We can imply that rewards for all
the other cases are zero in this example.

-1

Figure 9. An example of MDP where the green circles represent the states, orange
circles represent actions, numbers on the arrow represent state transition probabilities,
and orange arrows represent associated rewards. Image from [100]
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The main goal of MDP is to find a good policy that helps the decision-maker to
make the decision. A policy (7 : S — A) is a function that maps S to A. It provides
an action a for a state s. When an MDP is combined with 7(s), each state has an
associated action, resulting in a Markov chain-like behavior.

For a policy to be good, it should maximize the long term reward. In that case, the
policy is called optimal policy and denoted by 7*. The expected reward over an infinite

horizon over 7 is given by:
o0
> o)

t=0

R(r)=F

where vy is the discount factor (0 < v < 1), which describes the immediate importance
of reward compared to a time step in the future. For example, v = 0.75 means that
the same reward that we get in the next step is worth three forth the reward that we
get now. Similarly, the path or trajectory 7 is the ordered list of state-action pairs
(1 = [(s0, a0), (s1,0a1), ,,,]), which denotes the action taken at each state by using 7(s).

3.3.2. Reinforcement Learning

The purpose of Reinforcement Learning (RL) is to solve the MDP problem, or in
other words, to determine the optimal policy through a series of trial and error. For
determining the optimal policy, the RL algorithm should maximize the cumulative
reward. An RL problem can have the knowledge about the state transition function
(model-based) or not (model-free).

As we can see in the figure 10, an RL problem consists of three main entities which
have their respective roles. An agent acts in an environment, whereas an external
viewer observes the environment and interprets it into state representation, and assigns
an associated reward.

Environment
Interpreter

I Acx'\oﬂ

Agent

Figure 10. A typical RL framework.

There is more than one algorithm to solve the RL problem. Before knowing more
about the algorithms to solve RL problems, we should first structure an RL problem.
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For a RL problem, we are provided with an MDP (S, A, P,(s, s'), Ra(s, s')), discount
factor v, an environment (simulated or real) where we can do multiple trials. Now, the
objective for RL is to learn a policy 7, such that it maximizes the expected cumulative
reward. A policy function 7(s), as described above, gives an action for a state. For
a stochastic process, we can define a policy function 7(a, s) = p(a; = als; = s). In
other words, 7(a|s) gives the probability of taking action a when the state is s at any
time ?.

If the process starts from any state s, then the total expected reward by following
a policy 7 is known as the value function, V,(s) which is given by the following

equation:
Va(s) = E[R|so = s] Z’Y Ra, (81, t41) |50 = S]

t=0

Here, s;,; is the next state after s; under 7. The value function can be broken down
into a recursive relationship as follows:

Zﬂ' als)

acA

(s, —i—”yZP s, 8V (s

s'eS

Similarly, the action-value function @, (s, a) is the expected reward when starting
from s, taking action a, and then following the policy 7. The equation for ()-value
function is as follows:

Qx(s,a) = E[R|sg = s,a9 =a] = E

S
Z’that(sh St+1)|80 = S,09 = CL]

t=0

Here, the V() has the following relation with Q. (s, a):

Zﬂ' $)Qx(s,a)

a€A

Therefore, we can write:

Qnls,a) = Ru(s,8) +7 3 Puls, s )Vi(s)

s'es

Finally, the optimal policy 7* that we are so interested in, is the policy that
maximizes the V;(s), and Q). (s,a) among all the policies. Also, the optimal value
is the maximum value function over all the policies:

V*(s) = max Vi(s)

Similarly, the optimal action-value is the maximum action-value function over all the
policies:

Q*(s,a) = max Q. (s, a)

For simplicity, we define a policy 7 to be better than or equal to (>) another policy
7/, if the result of the value function of 7 is greater than or equal to that of #’, for all
the states s in .S.

7> 7 ifVi(s) > Vu(s),Vs
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Therefore, we can say that there exists an optimal policy 7* that is better than or
equal to all the other policies, 7* > 7 for all the policies 7. All the optimal policies
achieve optimal value and action-value function:

Vee(s) = V*(s)

Qr(s,a) =Q(s,a)

3.3.3. Inverse Reinforcement Learning
While the motivation behind RL is to learn the optimal policy for an MDP when
rewards are provided, through trial and error; the motivation behind the Inverse

Reinforcement Learning problem is to learn the reward for an MDP when expert
demonstrations are provided, as we can see in figure 11.

Environment : Environment

& &
® - -k ®- %

Rewards Behavior E Rewards Behavior

Figure 11. Difference between RL and IRL concept.

One of the ideas to solve the IRL problem is to use feature matching. Here, we
assume that the reward function is the linear, parameterized sum of features. The
features depend on the state and action. Now, the goal of IRL is to learn the value of
those parameters. The linear reward function is:

Ry(s, a) szfz s,a) =" f(s,a)

, Where ) is the parameter vector that we want to learn, ¢ €{0, 1, ..., N-1} N is the
number of features, and f;(s, a) are the feature functions.

For feature matching, we learn the reward function for which the optimal policy has
the same expected value for these features. Let 7% be the optimal policy for R, then
we can pick 7 such that the expected value of features for 7% is equal to the expected
value of features for the optimal policy 7*:

Eﬂ_Rw [f(S-/ CL)] = Enr [f(S, CL)]

. It means that, if we select the right features, we can assume the expected features
from the expert demonstrations, to be equal to the optimal policy. However, the state-
actions for 7% are marginal under 7% because we need to estimate the reward by
going through each state-action pair, and the optimal policy 7* is still unknown. We
can approximate the expected value of features from the optimal policy by averaging
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the features from expert samples, but multiple different ¢/ vectors may result in equal
feature expectations. So, the problem is still ambiguous.
We can maximize the difference in between the expected reward we obtained from
7* and all other policies II to disambiguate the problem,
maxm, such that 7 E..[f(s,a)] > rfrlgﬁ(@bTEﬂ[f(s, a)l +m

. Here, m is the margin. It basically means that we need to find a vector v that
maximizes the expected reward for the policy from expert demonstration from all other
policy by the maximum margin. This is similar to the maximum margin principle
concept from Support Vector Machine (SVM) [101]. Burrowing the idea from SVM,
we can simplify the problem as:

1
mwin §]|¢|12, such that 7 E.-[f(s,a)] > max YT E [f(s,a)] + D(m,7*)
S

where D(m, ") is some calculated divergence between 7 and 7*.

Still, the idea of maximizing the margin is adopted from somewhere else and is
arbitrary. Also, it does not address the issue of suboptimal behaviors from experts.
So, we add optimality variables to our problem, and its probability at any time ¢ is
represented by:

P(Olsy, ay) = exp(R(sy, ar))

We can represent the optimality variable in Probabilistic Graphical Model (PGM) as
in figure 12.

p(O¢lst, ap) = exp(R(s, ay))

p(sy) p(si+1/st a¢)

Figure 12. Representation of our problem as PGM and introduction of optimality
variable O.

Now, the probability of getting a trajectory, given the expert was working optimally,

is:
p(T', Ol:T)

p(T’OliT) = p(OlzT)

which is equivalent to:

p(7|Or.r) o p(7) H exp(R(st,ar)) = p(T)exp(Z R(s¢,at))

t
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In this PGM, our aim is to learn the reward parameters ). So, by adding 1) to the
optimality variable, we get:
p<Ot|St7 A, ¢) = e‘rp(R'lﬁ(Sh at))

and

p(r|Ovr, ) o p(r)exp(Y Ry(si, ar))

Since we already have samples {7;} from 7*(7), we use Maximum Likelihood
Estimation (MLE) [102] to maximize the probability of the trajectories that we have
observed. The p(7) is independent of the parameter vector v, so we can ignore it for
the MLE:

N N
1 1
max 5 EH: Logp(7|Or.r. ) = max < ;1 Ry(r;) — logZ

Here, N is the total number of sample trajectories and log(Z) is the log normalizer.
The normalizer Z, also known as the partition function, is equal to:

7z - / p(F)exp(Ry (7)) dr
By taking the gradient of our MLE problem, we get:

Dok =13 AuRulr) = [ e Rulr)Aultulr) dr

which we can write as:
AwL = ETNW*(taU) [Awa (7—1)] - ETNP(T‘01:T7¢) [Awa (T)]

In the above equation, we can see that, the gradient of MLE can be obtained by
subtracting the expected value of the gradient of reward under p(7) given current v
from the expected value of the gradient of reward under optimal policy 7*. So, we
can estimate the first term from the expert samples whereas, we can run the inference
on soft-optimal policy for current reward parameters to estimate the second term. To
determine the soft-optimal policy, we should solve the whole problem of reinforcement
learning for the current reward.

3.4. Proposed Approach
This section consists of the description of the MDP that we used, along with the IRL
algorithm.
3.4.1. Environment
As already explained in earlier sections, to solve an IRL problem, we need to properly

define an MDP (S, A, P,(s,s'), Ra(s,s’)). In our research, the state vector is
s = (T1, Y1, T2, Yo, T3, Y3, Ta, Ya)
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where (1, 4,%1..4) € {0,1,2,...,60}. Similarly, (xy,y;) is the coordinate of the
approaching participant p;, whereas (2, y2), (73, ¥3), and (x4, y4) are the coordinates
of the participants in the group p9, p3, and py4, respectively. Since we are considering the
group stationary, the (z2, y2), (3, y3), and (z4, y4) are the final positions for respective
participants.

The action space consists of one-step movement in each eighth direction of the 2D
plane, and one, no movement as we can see in Table 2. So, the action only affects the
movement of p;, as we are learning the behavior of the person approaching the group.
We can see the example of state transition in Figure 13.

sp=(15. 18, 54, 59, 52, 39,

22, 56)

Figure 13. An example of state transition under all nine actions. s is the current state,
ag 1s the action when the state is sq, and s; is the future state.

For generating the path, we implemented our path generator based on the MDP and
a policy generator. Alternatively, we can also call it the simulator. We design the
simulator such that it generates a path that has similar properties to the samples from
the dataset. The simulation environment follows the flow chart in Figure 14.

For initialization, we generate a random state vector that is also the start state of
the path, sg = (z1,y1, T2, Y2, T3, Y3, T4, ys) that follows the following conditions. We
formulated these conditions for the start state based on our finding of Preliminary Data
Analysis (PDA) of the dataset, which we have explained in Chapter 4.

1. The radius of the virtual circle (radius r., and center (x.,y.)) formed by the
position of po, p3, and p, is between the 3 and 11 units. i.e.:3 < r. < 11. We can
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Initialize Start and
Goal State

Get action from
policy generator

State Transition

o

Figure 14. The flow chart for generating path.

calculate the radius 7., and center (., y.) by using the following mathematical
process:

Let us assume the complex numbers z; = x5 + 1Yo, 20 = X3 + 1y3, and 24 =
T4 + 1ys; @ new complex number w = 2==-. Using the following equation, we
can derive a complex number c that has the required information.

_ (a1 = 2)(w — [|w]]*)

B 2 (w)

Then the center (2, y.) = (—R(c)), —S(c)), and 7. = ||c + 2z1]|
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2. The distance between the center of the virtual circle formed by the group and the
starting position of the approaching participant be greater than or equal to /7,5
times the radius of the virtual circle. i.e.:

(z1 — xe)” + (1 — ye)® > 7,507

Referring to the PDA, the goal state condition for our case is: the position of p;

touches the circumference of the virtual circle made by the group. Mathematically:
2

(21— 2)* 4 (11 — ye)? < 77
After initializing the start state and defining the goal condition, the simulator starts
generating actions for the states. A policy generator is the policy function that
generates an action for a state. The next section explains the details of the policy
generator. State transition occurs when the simulator applies the action, and we get the
new state. Figure 13 represents an example of how the state transition occurs. Now, the
next step is to check the goal condition, if the new state satisfies the goal condition, the
simulator stops the simulation and returns the path list, else it uses the policy generator
to get an action for the new state; the process repeats until the new state satisfies the
goal condition.

3.4.2. IRL Algorithm

Since, our state space is large (for one participant it is 3600), enumerating all state-
action tuples is impractical. Also, we need to solve the RL problem at each parameter
gradient step to get a soft optimal policy, which is not feasible because of the unknown
dynamics of our problem. One thing that we can do at this stage is to use a policy that
is not optimal, but a suboptimal policy. It means that we can use a policy that is not
fully optimized but is better than the previous step, i.e, in the direction of optimality.
This idea is the basis of the algorithm that we are using in this research. Guided Cost
Learning (GCL) [7] learns the optimal reward values from the human demonstrations
by using Deep Neural Networks (DNN).

The GCD is a DNN-based IRL algorithm that simultaneously learns the optimal cost
and policy from the expert demonstrations. It optimizes the same IRL equation that we
mentioned in previous sections. Here, we represent the reward function and the policy
function as DNN and use Algorithm 1 to optimize the respective networks.
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Figure 15. Guided Cost Learning Method.
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Algorithm 1. Guided Cost Learning

1
2

[N B Y

10
11
12

13

Input : Examples of expert demonstration 7ze,,

Output: Optimized reward parameters 1, and policy 7*

Initialize random policy network ()

for: < Oto [ do

Generate samples 7,4

Append samples Tsomp < Tiraj U Tsamp

for £ < O to K do

Sample demonstration batch Tyermo C Tdemo

Sample generated batch 7y, C Toamp

Append demonstration and generated batch to generated batch
7A_samp — 7A_samp ) %demo

Estimate 0Ly, from 74mp and Tgemo

Update parameters (1) of reward network (Ry)

end

Estimate ¢ L for the policy network 7 using 7;,,; and updated reward
network (Ry,)

end




38

Here, 0 L,;, and ¢ L are the loss functions for the reward network and policy network,
respectively. N and M are the total number of sampled trajectories from 74, and
Tsamp» Tespectively. The equation to estimate d L, is:

1 1
§L¢:N Z R¢(Ti)+l0gM Z Zjel’p(_Rw(Tj))

Ti€Tdemo TjETsamp

where, z; is the importance weight of the sampled trajectory, which is equal to z; =
(p(7;))~'. The policy generator also estimates the value of z;. We can estimate 0L
for the policy network by using:

L= -2 3 |3 logoln)mols, an)Ry(ry) — H(r)

Tj ETtraj ap€A

The term H(7;) is the entropy of the trajectory, whose value is equal to H(7;) =
=D riena; P(Ti)log(p(75)). M in the above equation denotes the total number of
generated trajectory 7;.,;. For optimization, we used Adam optimizer [103] and
pytorch environment [104].
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4. RESULTS AND DISCUSSION

This section consists of the analysis of results that we obtained in various steps of our
research. This section also discusses the major issues that we encountered during those
steps and the significance of the results. First, we explain the results, followed by a
discussion of the thesis. Finally, we suggest some possible future research directions.

4.1. Results

The dataset that we used has 385 trajectories of a human approaching a group of three
humans to initiate a conversation. Figure 16 illustrates the frequency distribution of the
euclidean distance between the start position and end goal position of the approaching
human p;. The mean distance is 1.44 m, and the graph shows the balanced distribution
of distance, with the minimum and maximum distance being 0.22 m and 2.77 m. The
size of the environment and the distance between the start position and goal are in the
range that can be used to conduct experiments in our case. We can also create similarly
sized simulation environments and test the approach trajectories.

Histogram of distance between start and goal position

1

254

20 ?

15 A mean =144 m

Distance (m})

0 5 10 15 20 5 Y
No of Samples

Figure 16. Histogram of distance between start and goal position of the trajectories
from the dataset.

By down-sampling the original high frame rate of 120 fps, we converted the dataset
into a frame rate is 12 fps. Each trajectory in the dataset lasts between 2.42 sec to 32.83
sec, which translates to 29 frames and 394 frames, respectively. The mean duration of
each trajectory is 9.44 sec or roughly 113 frames. The frequency distribution of time
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taken in for each trajectory is in Figure 17. The distribution plot shows that the time
distribution is not quite balanced and has some positive skewness. The duration of each
trajectory is decent in terms of usage in our application. Had it been longer than this, it
would have been difficult to use in our study. Similarly, shorter trajectories would have
been pretty much useless for us, considering the information they would have carried.

Histogram of time taken for each example

30 4
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Figure 17. Histogram of time taken for each trajectory of the dataset.

The distribution of the average speed for each trajectory looks almost symmetric in
Figure 18. The mean average speed is 0.45 sec, whereas the fastest and the slowest
trajectory speeds are 0.08 m/s and 0.96 m/s respectively. The second-fastest speed is
quite low compared to the fastest speed and measures 0.84 m/s. If we compare the
results with the standard human walking speed (mean speed = 0.869 [105]), our mean
speed is quite low. It may be because while humans are approaching another human
or group for making an interaction, they tend to slow down as they get closer to the
target. We can verify this concept through our result in the next paragraph.

Figure 19 compares the average speed of the whole trajectory with the speed of the
final stages of the trajectory (last 2 seconds of the trajectory). We can see here that the
approaching human slows down when it is approaching the proximity of the group by
a factor of 4.5 times on average. It suggests that designing a robot that approaches
humans intending to have an interaction should significantly limit its approaching
velocity.

Another interesting observation is that the approaching human p; has the goal
position very close (= 0.17 m on average) to the circumference of the virtual circle
made by the target group. Figure 20 shows the examples where the trajectory (blue
color), ends almost exactly on the boundary of the circle. We know the fact that we



41

Histogram of average speed
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Figure 18. Histogram of average speed of p; from the dataset.

can create a circle in a 2D plane by using any three noncollinear points in the plane.
So, fitting three people in a circle’s circumference is trivial. However, our observations
show that the fourth point fits the circle with a small margin, which is interesting and
gives us the foundation for applying it further in our research. The comparison between
the radius of the virtual circle and, the distance between the goal position and the center
of the circle in Figure 21 shows that both the mean and median differences are 0.17 m.
If we analyze the difference, we can cover that distance in almost a third of a second,
referencing the average speed of 0.45 m/s in Figure 18. We have used this implication
for formulating the goal condition in Chapter 3.

Figure 22 illustrates the difference in the distance between the final position of p; and
the center of the virtual circle with the radius of the virtual circle made by the group.
At this point, we can assume that they are close enough to consider that touching the
circumference of the virtual circle can be the goal of our navigation.

In Figure 23, we can see that the minimum, maximum, and mean radius of the
virtual circle are roughly 0.3 m, 0.6 m, and 1.1 m respectively. So, while designing
the condition of initializing the start state, we have used these statistics to define the
minimum and maximum radius of the virtual circle made by the group.

For initialization of the start state, we have another condition that the distance
between the start position of p; should be greater or equal than /7,5 times the radius
of the circle. The formulation of that condition was according to our finding in, Figure
24 which shows that on average, the aforementioned distance is almost 2.75 times the
radius. For ease of implementation, we used an approximate scale quantity of /7,5
while checking the condition.
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Box plot of speed for last 2 sec and Average Speed
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Figure 19. Comparison between the speed while approaching the group with the
average speed for the trajectories from dataset.

4.2. Discussion

This thesis focused on learning the navigation behaviors for approaching a group of
people. We are trying to learn the behavior from humans because we want to generalize
it and apply it to a telepresence robot. The main objectives of this thesis were to analyze
the dataset, establish a mathematical formulation for an IRL framework, and structure
the dataset to a format that can be used by the framework to learn the associated reward
and policy.

From PDA, we found some interesting results that align with the literature in HAN.
First, we found out that the approaching human tends to form a circle with the rest
of the group while interacting. This finding aligns with the O-hypothesis [28]. We
have used this finding to establish conditions for initializing states while generating
the samples. We also derived a condition to check if the approaching human reached
the goal state during simulation, based on the same findings.

Another interesting finding that agrees with the past research is the approaching
speed. The mean average speed of the trajectories is slow compared to the average
walking speed of humans. The reason for this might be that the human slows down
when it reaches close to the group. The humans moved significantly slower in the last
2 seconds of their trajectory when compared to the average speed of the trajectory. It
suggests that the humans modulate their speed according to the distance from other
humans while approaching them, as suggested by past research [21,28]. However,
this finding can be used to verify the acceptability of the trajectories generated by the
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(a) (b)
Figure 20. (a), and (b) both are the examples that verify the O-space hypothesis from
(28]

learned policy network. For example, one of the feature functions could utilize the
relation between the velocity and distance to the goal.

Furthermore, we can see abnormalities in the dataset considering typical approach
behavior. Figure 25 shows that there is a sharp change in direction of the trajectory
at some point during the navigation. In normal circumstances, we would expect the
approaching human to take a direct or shortest path to the group proximity. However,
the participant seems to move in one direction and suddenly changes the direction to
join the group, which looks strange in the first place. We can explain this behavior by
looking at the data collection process. Since the recording of the dataset took place
when the participants were playing a game, there was a trigger point after which, p;
started moving towards the group with an intention to join the group. Before that
trigger, p; was just moving along a random path without any specific intention, waiting
for the trigger signal. Since these trajectories are not natural behaviors and are caused
by game rules, we should filter them out for better results.

For the learning framework, we developed an environment that generated the initial
state of trajectories. Those initial states had similarities with the initial states of expert
trajectories because we used the properties from the dataset about the size of the circle
and the distance of the human from the center of the circle. We can see an example
of the initial state generated by our method in Figure 26. Here, the position of all four
humans satisfies the conditions that we talked about earlier. By doing a random walk
from this initial condition, we generated the path similar to Figure 27.

We faced some challenges while designing the framework. The first challenge
was the choice of the reward function. Generally, reward functions are supposed to
represent the features of navigation. Human behavior is so complex that we chose not
to only use pre-defined cost functions since those often fail to capture the complete
behavior. Thus, we propose using a DNN as the reward function; the network would
learn to adjust its weight to give maximum rewards. Also, the weights of the reward
network can learn the features that we would have missed if we used a certain set of
feature functions.
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Box plot of radius and goal to center distance
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Figure 21. Comparison of the distance between the final position of p; and the center
of the virtual circle with the radius of the virtual circle made by the group.

The IRL framework that we proposed optimizes the parameters of the reward
network by doing two operations simultaneously. First, it maximizes the expected
reward for the expert trajectories, and second, it penalizes the expected reward for
trajectories obtained from the soft optimal policy divided by a normalization factor.
The normalization factor is the function of the probability of a certain trajectory,
provided we know the optimality variable. But we know that initially, the trajectories
picked by the policy generator network are not truly optimal, and they get closer to
an optimal trajectory as the training progresses. So the normalization factor, which
is the probability of a certain trajectory given optimality, increases with training. So,
the penalizing term in the loss function of the reward network decreases with training.
This means that the policy generator is optimizing and at one point gives the optimal
policy.

The proposed framework can be used with other datasets. For example, we can
collect data for another scenario or collect a set of new data for the same scenario, we
can use the proposed framework to learn the associated reward and policy with a few
modifications. If we use a dataset with a similar environment, we need to change the
conditions for initialization and goal by doing a statistical analysis of the dataset to
find the properties such as the radius of the virtual circle, the distance between the start
and goal position. However, if we want to change the scenario or the environment, a
new environment has to be developed for simulation along with some modifications in
policy and reward networks too. However, chunks of present implementation can be
reused in the new environment.

In our framework, we propose a generic policy gradient method for optimizing the
policy network. One of the possible future directions of research can be experimenting



45
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Figure 22. Histogram of difference of the distance between the final position of p; and
the center of the virtual circle with the radius of the virtual circle made by the group.

with other policy optimization networks, such as REINFORCE and actor-critic
algorithms [106]. Without proper experiments, it is not clear which algorithm is
better in different scenarios, since learning algorithms perform differently in different
scenarios. So, next after this is to conduct experiments with different networks and
compare the results. Finally, if the trigger issue described in the results section appears
to cause any issue during training, we can also collect our own data.
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Histogram of the radius of the virtual circle formed by the group
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Figure 23. Histogram of the radius of the virtual circle made by the group.
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Figure 24. Comparison of the distance between the start position of p; and the center
of the virtual circle with the radius of the virtual circle made by the group.
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5. CONCLUSION

This thesis focused on understanding the human behavior while approaching a group
to find a policy that generates human-like trajectories for an autonomous mobile
telepresence robot in similar scenarios. To this end, we analyzed a dataset of human
trajectories collected in a similar case. We found that people, while interacting as a
group, tend to make a circle, and a person who is approaching the group slows down
as he or she gets closer to it. Based on the conditions derived from analyzing the dataset
of trajectories, we proposed an IRL framework that can be used to simultaneously learn
the optimal reward and policy from human demonstrations.

Future works include a user study to test whether the policy learned using the
proposed framework is acceptable to people, and a comparison against different
methods to find a policy. Proper experiments are needed to claim that the framework
performs better than other methods. Especially, there lies a lot of choices in policy
network, so it can be studied and experimented in more detail.
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