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Abstract

Humans and machines often possess complementary skills. The recognition of
this fact is leading to a steadily growing interest in collaborative robots. Despite
the growing interest, however, a fundamental question remains to be answered:
"How does one develop effective collaborative robots?"

Three entities need to be considered while answering this question - namely,
the collaborative robot itself, the human teamniate whom the robot interacts with, and,
equally importantly, the robot developer who is tasked with designing the machine.
Each of these entities possesses different information. Effective sharing of this in-
formation is essential for developing collaborative robots and achieving fluent col-
laboration. In this dissertation, I present models and algorithms to enable effective
information sharing between the robot, the human, and the developer.

I begin by presenting the Agent Markov Model (AMM), a Bayesian model of
sequential decision-making behavior, and Constrained Variational Inference (CVI),
a hybrid learning algorithm that can learn generative models both from data and
domain expertise. By utilizing AMM and CVI, the developer can specify decision-
making models both for the human teammate and the collaborative robot with
reduced labeling effort.

Next, I present ADACORL, a framework to generate the collaborative robot's
policy for interaction. By leveraging algorithms for planning under uncertainty,
ADACORL can generate fluent robot behavior for human-robot collaborative tasks
with state spaces significantly larger than prior art (> 1 million states) and short
planning times (< 1 s). Finally, I provide an approach for deciding if, when, and
what to communicate during human-robot collaboration. Through human-robot
interaction studies, I demonstrate that the proposed decision-making approaches
result in the effective use of the robot's action and communication capabilities dur-
ing collaboration with a human teammate.
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Chapter 1

Thesis

Effective information sharing between the robot developer, the human teammate,

and the collaborative robot is essential for human-robot collaboration and is en-

abled by the modeling and algorithmic advances presented in this dissertation.

Outline of the Dissertation

" Chapter 2 motivates the thesis and defines the terms: robot developer, human

teammate, collaborative robot, and effective information sharing.

Motivated by the quest of developing collaborative robots, three characteristics

of effective human teamwork are summarized. Through a review of related re-

search and potential applications, several (both existing as well as previously

unexplored) paradigms of realizing collaborative robots with these characteris-

tics are presented. Guided by this review, three opportunities for effective infor-

mation sharing for human-robot collaboration are identified.

* Chapter 3 formalizes the problems of effective information sharing for human-

robot collaboration, which are addressed in the dissertation.

The problems addressed in the dissertation are informed by the following work

on developing collaborative robots by the author: "Human-aware robotic assis-

tant for collaborative assembly: Integrating human motion prediction with plan-

ning in time," Vaibhav Unhelkar*, Przemyslaw Lasota*, Quirin Tyroller, Rares-

17



Darius Buhai, Laurie Marceau, Barbara Deml, and Julie Shah, IEEE Robotics and

Automation Letters, 3(3):2394-2401, 2018 [159].

Chapter 4 addresses information sharing between the robot developer and the

collaborative robot for modeling the human teammate.

A representation, named Agent Markov Model (AMM), is developed for de-

scribing the sequential decision-making behavior of other agents. In order to fa-

cilitate information transfer during model specification, a suite of algorithms for

learning the AMM given different types of inputs is developed. Central to these

algorithms is Constrained Variational Inference (CVI), a hybrid paradigm for in-

corporating both data and high-level domain expertise during model learning.

The utility of hybrid model learning is validated using experiments with both

synthetic and human subject data.

The technical content of this chapter is based on the following work led by the

author: "Learning Models of Sequential Decision-Making with Partial Specifica-

tion of Agent Behavior," Vaibhav Unhelkar and Julie Shah, in the AAAI Confer-

ence on Artificial Intelligence (AAAI), 2019 [155].

• Chapter 5 addresses information sharing between the robot developer and the

collaborative robot for autonomously generating the robot behavior.

A framework, named ADACORL, for accelerating the specification of a robot's

collaborative behavior is proposed. ADACORL enables the generation of adap-

tive collaboration with reduced labeling effort on part of the robot developer.

The utility of ADACORL for enabling fluent collaboration is demonstrated

in two human-robot collaborative tasks, which have state spaces significantly

larger than the problems considered in prior art.

The technical content of this chapter is based on the following work led by the

author: "Semi-Supervised Learning of Decision-Making Models for Human-

Robot Collaboration," Vaibhav Unhelkar*, Shen Li*, and Julie Shah, in the Con-

ference on Robot Learning (CoRL), 2019 [160].

18



" Chapter 6 addresses information sharing between the collaborative robot and

the human teammate during human-robot collaboration.

A framework for enabling collaborative robots to decide if, when, and what to

communicate during sequential human-robot collaborative tasks is developed.

In order to enable effective information sharing, the framework models impact

of robot's communication on human's behavior, includes models of communica-

tion cost, and algorithms for planning under uncertainty. The benefit of commu-

nication decision-making is demonstrated in collaborative tasks with multiple

communication types and short planning times.

" Chapter 7 summarizes the modeling and algorithmic contributions presented in

the dissertation, and highlights future direction for advancing the theory and

practice of human-robot collaboration.

19
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Chapter 2

Motivation: Developing

Collaborative Machines

Humans and machines often possess complementary skills. The realization of this

fact by experts across domains is leading to a steadily growing interest in robots

and software agents that can assist humans and collaborate with them. For in-

stance, robots are being developed to enhance the capabilities of astronauts [28],

doctors [46, 57, 80], and factory associates [159, 172] - i.e., humans performing

specialized tasks. In the long term, machines will support humans in myriad tasks,

thereby continually transforming the landscape of human life.

I refer to the robots and software agents that, instead of being a passive tool,

proactively support humans as collaborative machines. In order to unlock the

potential of humans and machines working together, we first need to answer

How does one develop these collaborative machines?

This critical question is too broad to have a simple answer. We can glean insights

on the characteristics of an effective collaborator from studying human teams.

However, developing collaborative machines additionally requires the develop-

ment of novel technology that can realize these characteristics. This dissertation

provides such technology, in the form of modeling and algorithmic advances, that

enables the design and development of collaborative machines. The underlying

21



problems that these advances address are motivated by insights from studies of

human teams, recent research in human-machine interaction, and my experience

with designing and deploying collaborative robots among humans.

2.1 Insights from Human Teams

Study of collaboration among humans is instructive for developing effective col-

laborative machines [54, 139]. Humans successfully collaborate in a variety of con-

texts, both challenging and seemingly mundane. While the size and composition

of human teams differ based on the context, research on human teaming points to

necessary characteristics of a team (and its members) that are critical for successful

collaboration [14, 48, 79, 98, 128]. This section presents three such characteristics of

effective human teams that motivate my thesis.

Modeling the Teammate Members of effective teams maintain a model of their

teammate's task, abilities, and behavior [23, 35]. The fidelity, granularity, and in-

stantiation of this model depend on the teaming context. However, a model of the

teammate is essential for fluent collaboration. Humans generate this model using

prior knowledge, observation, and team training [129, 134].

Adapting to the Teammate Members of effective teams proactively adapt their

plans in response to the uncertainty in the plans of their teammates and the out-

come of the team's actions [34, 134]. To generate this adaptive behavior, effective

teammates utilize (a) a model of the teammate for inferring their intent and antici-

pating their actions, and (b) a model of the world to anticipate action outcomes.

Effective Communication with the Teammate Members of effective teams ef-

fectively share information with their teammates to accomplish tasks in a par-

tially known and uncertain world [17, 24, 87, 1371. Effective information sharing is

achieved by (a) anticipating the information needs of the teammate, and (b) gaug-

ing the cost and benefit of each communication.
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Figure 2-1: Robots interacting with humans during automotive final assembly.

2.2 Implications for Collaborative Machines

The characteristics of effective human teams are context-invariant and, thus, also

necessary for effective human-machine teaming. However, equipping collabora-

tive machines with these characteristics is challenging; machines are inherently

limited in their extent of prior knowledge as well as ability to train and share in-

formation with humans. Thus, in practice, a human expert (or a team thereof) is

tasked with equipping collaborative machines with these characteristics. I refer to

this human expert as the robot developer.

During the course of writing this dissertation, I have assumed the role of the

robot developer and deployed a few of the first collaborative robots (i.e., collab-

orative machines with physical embodiment) that work with humans in the real

world [158, 159]. Figure 2-1 (left) depicts one of these systems: Rob@Work 3, a

mobile manipulator performing assembly tasks on the conveyor belts of automo-

tive factories while sharing space with humans. Informed by this experience and

recent research in human-machine interaction [21, 26, 30, 47, 73, 78, 103, 140, 150],

in the next sections, I summarize the prior art for developing collaborative robots

that exhibit the previously discussed characteristics of effective teammates.

The discussion presented next is general and applies across collaborative tasks

(including shared workspace, shared manipulation, and handover tasks) and do-

mains (such as disaster response, healthcare, and manufacturing). However, to

ground the discussion in practice, I will utilize a shared workspace task from the

domain of collaborative manufacturing.
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Running Example: Human-Robot Collaborative Manufacturing There is an

emerging desire across manufacturing industries to deploy robots that support

people in their manual work. As a running example, I utilize one such opportu-

nity, where a collaborative robot is tasked with delivering tools and materials to

the human associates [156]. Such a collaborative robot would need to fetch parts

from depots and deliver them to humans at their workstations while ensuring safe

interactions. Figure 2-1 (right) shows CobotSAM, an example of such a collabora-

tive robot, which was developed during this dissertation research in collaboration

with the BMW automotive company [159].

CobotSAM is tasked with fetching parts from one end of the factory line, where

the parts are housed in a depot, and delivering them on the other end, where hu-

man associates need this part. While completing this part delivery, the collabora-

tive robot has to share its environment with its teammate and other human asso-

ciates (e.g., associates responsible for cleaning the factory or for refilling the depot

with parts). The use of a mobile collaborative robot to perform this task allows hu-

man associates to focus on dexterous, value-added work of car assembly, yielding

significant time and cost savings [121].

Physically, CobotSAM is built by mounting a UR10 collaborative robot arm

[161] on a linear axis unit (e.g., [1, 74]); both the arm and the linear unit are certified

for industrial use. The arm enables the robot to perform manipulation tasks, while

the linear axis unit provides the desired mobility. The mobile robot is equipped

with an on-board 2-dimensional laser scanner and an off-board depth camera.

2.3 Modeling the Human Teammate

The first characteristic of effective teams suggests that, for fluent collaboration, col-

laborative machines need a model of their human teammates. For instance, in or-

der to safely share space with the human, CobotSAM needs a predictive model of

the human teammate's goal-directed motion. Several paradigms can be used to de-

velop this teammate model. Figure 2-2 depicts a qualitative estimate of the devel-
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Figure 2-2: Paradigms for specifying models of the human teammate.

oper effort required to specify the teammate model under the different paradigms.

For rapid prototyping and deployment of collaborative machines, model specifi-

cation paradigms with lower developer effort are desired.

2.3.1 Unsupervised Learning

In theory, by utilizing unsupervised learning algorithms and observation of their

teammate's behavior, machines can learn a teammate model without any inter-

vention from the developer [86]. For instance, CobotSAM using its sensors can

observe the motion of human associates and learn a predictive model of their mo-

tion. However, in practice, the sample complexity of unsupervised learning from

observation is often prohibitively large for applications of human-machine inter-

action. Thus, a robot developer is tasked with developing this model.

2.3.2 Manual Specification

On the other end of the spectrum, instead of utilizing data or algorithms, the de-

veloper can manually specify a model of the human teammate. For instance, while

developing a collaborative robot for manufacturing, such as CobotSAM, the devel-

oper may have domain expertise regarding the human associate's task and way-

points of interest which can help her specify a human model.

However, relying solely upon manual specification to develop the model is

time-intensive and typically leads to incomplete models, as the developer needs

to specify human teammate's behavior in all possible scenarios. This difficulty

in manually specifying the models has motivated the development of algorithmic

approaches that utilize labeled behavioral data [5, 51, 108].
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2.3.3 Prior Art: Learning with Labels

Theses algorithmic approaches, such as supervised or inverse reinforcement learn-

ing, require the developer to follow the following steps,

1. specify decision factors that impact the human teammate's decisions;

2. collect unsupervised data of human behavior; and

3. annotate the data to obtain a labeled (supervised) dataset of behavior.

First, the developer specifies the decision factors (features) that impact the hu-

man's behavior. For instance, the motion of human associates in a factory primar-

ily depends on two decision factors: where they want to go (i.e., their task/goal)

and where they currently are (i.e., their position). Typically, a subset of the deci-

sion factors is observable (e.g., position), while the rest are latent and challenging

to measure (e.g., goal). The latent decision factors often correspond to the human

teammate's mental states, such as goals, preferences, attention, and workload.

Next, using sensors, the developer creates an unsupervised dataset of human

behavior (i.e., observable decision factors and decisions). For instance, while

developing CobotSAM, the developers utilized the off-board depth camera to

record trajectories of the human teammate's motion. Finally, to generate the

teammate model using supervised or inverse reinforcement learning techniques

[77, 118, 173], a dataset of all features (including labels of the latent decision fac-

tors) is required. These labels are obtained manually: either by querying the hu-

man teammate or by utilizing domain expertise available to the robot developer.

Such approaches that rely on labeled data of behavior have been utilized for

several proof-of-concept collaborative tasks [31, 69, 104, 125, 132, 159]. However,

in practice, the process of manually annotating the dataset can be time-intensive,

thereby increasing the time required for prototyping and deploying collaborative

machines. Moreover, approaches relying on data alone may also fail to recover the

true teammate model (i.e., the model is non-identifiable given data alone). This

phenomena occurs as it is often difficult to specify and quantify human's mental

states, and multiple models can explain the observed behavior equally well.
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2.3.4 Opportunity: Effectively Utilizing Domain Expertise

While developing the teammate model, domain knowledge pertaining to the team-

mate's behavior is often available to the robot developer. In addition to the specifi-

cation of decision factors, the domain experts also have access to partial knowledge

of the dynamics of decision factors, change-points of decision factors, and impact

of decision factors on decisions. For instance, in a factory, the developer may have

access to the order in which the human teammate accomplishes her assembly task.

In order to address the limitations of approaches that learn with labeled data,

a hybrid learning paradigm is essential, one where model learning is done both

from data and effective utilization of the robot developer's domain expertise. This

hybrid paradigm, which I denote as developer-in-the-loop learning, has the po-

tential to reduce sample complexity of labeled data and alleviate the ambiguity

between the true and the learned model that exists when learning with behavioral

data alone. However, models and algorithms for utilizing the partial knowledge

(i.e., domain expertise) are currently lacking.

2.4 Adapting to the Human Teammate

For fluent collaboration, collaborative machines need the ability to adapt to their

human teammate. Mathematically, this ability can be encoded as a function termed

as interaction policy, which specifies the action that the machine should choose in

a given scenario. For instance, in order to safely and efficiently share space with the

human teammate, CobotSAM needs an interaction policy that allows it to decide

whether to wait, move forward, or move backward while navigating in the factory.

Similar to the specification of the teammate model, multiple paradigms can be

utilized to specify the interaction policy (see Fig. 2-3). Each paradigm requires a

different level of manual effort from the robot developer and the human teammate.

In this section, I discuss these paradigms and present an opportunity of effective

information sharing for specifying the interaction policy.
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Figure 2-3: Paradigms for specifying a collaborative machine's adaptive behavior.

Based on the specification paradigm, the inputs from the robot developer (de-

noted in blue in Fig. 2-3) either directly specify the machine behavior (e.g., in the

case when interaction policy is directly specified); or are used in conjunction with

suitable learning/planning algorithms (denoted in gray in Fig. 2-3) for generating

the machine's behavior. In addition to the developer's specification effort, in the

learning-based paradigms, the manual effort also includes the time spent by the

human teammate for interacting with the machine while it is training (i.e., while

the machine is learning the interaction policy).
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2.4.1 Reinforcement Learning

Under the paradigm of reinforcement learning (RL) [39,99, 1451, in theory, the ma-

chine can learn its interaction policy solely by training with the human teammate

and without any intervention from the robot developer. For instance, using this

paradigm, CobotSAM can learn how to accomplish its task (safe and efficient part

delivery) by repeatedly trying to deliver parts to the human associates and learn-

ing from its successes and failures. However, in practice, utilizing this paradigm

for human-machine interaction is challenging for a variety of reasons.

Safe interaction with humans is essential; however, guaranteeing safe explo-

ration during reinforcement learning is an open problem [8, 42]. Further, appli-

cation of RL to human-machine collaboration requires a large number of episodic

interactions (typically, of the order of tens of thousands) [22]. Training with the hu-

man teammate for this large number of episodes is prohibitive in most scenarios

of human-machine interaction. Adding to these challenges, at the implementation

level, RL approaches need an external mechanism (typically, a developer) to reset

the human-machine team's environment for every episode of learning.

In order to address these challenges, learning in simulation and then transfer-

ring the policy learned in simulation to the real world is an oft-used strategy while

utilizing reinforcement learning [91, 95, 119, 124, 151]. However, this strategy too

is challenging for human-machine interaction, the primary reason being the diffi-

culty of simulating the human teammate's behavior [144]. Further, irrespective of

whether learning is performed in simulation or real-world, the design of a suitable

reward signal is a challenging prerequisite.

Given the above challenges, it is not surprising that the existing approaches to

specifying an interaction policy for human-machine collaboration rarely rely on re-

inforcement learning. However, advances in reinforcement learning - specifically,

those focusing on guaranteeing safe exploration and reducing sample complexity

- can make it a highly desirable paradigm for generating adaptive and interactive

behavior of collaborative machines.
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2.4.2 Manual Specification of the Interaction Policy

On the other end of the spectrum, in complete contrast to the learning-based ap-

proaches, the robot developer can manually specify the interaction policy of a col-

laborative machine. In the absence of principled algorithmic approaches, the in-

teraction policy was typically manually specified at the inception of the field of

human-robot interaction [25]. The manual specification was done by encoding the

developers' domain expertise either in the form of rule-based systems or through

Wizard-of-Oz control of the machine [122, 133].

Despite the domain expertise available to the robot developer, manually hand-

crafting the interaction policy often results in a sub-optimal human-machine col-

laboration. Among other factors, it requires the robot developer to reason about

and specify the machine's response for all the possible interaction scenarios - a

process that is not only challenging but, often, also immensely time-consuming.

For instance, it would require CobotSAM's developer to specify whether the robot

should stay put, move towards the workstation, or move towards the depot for

each possible combination of human and robot position histories.

Despite its limitations, manual specification of the interaction policy has util-

ity for rapid prototyping and deployment. For instance, the behavior policies of

autonomous cars are typically manually specified [100, 107, 162].

2.4.3 Prior Art: Specification of Decision-Making Models

In order to address the challenges that arise from relying on either reinforcement

learning or manual specification, in recent human-machine interaction research,

model-based planning approaches have been developed for generating the ma-

chine's interaction policy [19, 53, 58, 101, 104, 1591. Broadly, these planning ap-

proaches involve two steps,

1. specification of a decision-making model; and

2. generation of the interaction policy through algorithms for decision-making.
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The robot developer specifies the decision-making model for interaction by uti-

lizing her domain expertise. The specification is done either wholly manually or

through a hybrid approach, where the model structure is specified by the devel-

oper and model parameters are learned using labeled data. Motivated by different

subclass of human-machine interaction scenarios, different paradigms of decision-

making have been explored in recent research, including mixed-integer linear pro-

grams [45, 138], variants of Markov decision processes [16, 104], planning as in-

ference [152], planning as optimization [141, 111], sampling-based planners [81],

timed Petri nets [19], and underactuated control [36, 125].

For these approaches, typically, the manual effort is limited to the specifica-

tion of the decision-making model by the robot developer and does not involve

additional effort on the part of the human teammate. This is possible as the inter-

action policy is computed given the decision-making model and does not need to

be learned via repeated interactions with the human teammate.

The structure and specification process of the decision-making model and the

decision-making algorithm used for generating the interaction policy differs based

on the paradigm. However, irrespective of the paradigm, the robot developer

needs to specify models of the shared environment, collaborative task, the collab-

orative machine, and the human teammate. For instance, while designing Cobot-

SAM the robot developers specified a map of the environment (i.e., the environ-

ment model), the parts that the robot had to deliver and the order in which they

were to be delivered (i.e., the task specification), a model of the robot's motion dy-

namics (i.e., the model of collaboration machine), and a predictive model of human

motion and goal (i.e., the human teammate model).

In comparison to the specification of the interaction policy, algorithmic com-

putation of the interaction policy speeds up the generation of machine behavior.

However, in practice, due to the presence of multiple model components, man-

ual specification of the decision-making model still remains time-intensive. For

instance, the development of the CobotSAM system was completed by a team of

robot developers over a period of two years.
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Figure 2-4: Opportunity (denoted in blue) for reducing developer effort while
specifying a collaborative machine's decision-making model.

2.4.4 Opportunity: Reducing Effort in Model Specification

In order to further accelerate the deployment of collaborative machines, ap-

proaches that algorithmically generate not only the interaction policy but also the

corresponding decision-making model will be important. Previously, in Sec. 2.3,

we have discussed the opportunity available for developer-in-the-loop learning of

the teammate model. This opportunity also presents itself for the specification of

the decision-making model. Domain knowledge pertaining to the components of

the machine's decision-making model (namely, task objective, environmental con-

straints, machine's dynamics, and human behavior) is often available to the robot

developer. However, this domain knowledge is typically incomplete and needs to

be augmented with novel learning and specification approaches.

I posit that through novel developer-in-the-loop approaches for specifying

decision-making models, fluent human-machine collaboration can be achieved de-

spite reduced developer effort (see Fig. 2-4). My belief in this hypothesis is fur-

ther emboldened by recent investigations into approaches that learn the interac-

tion reward through demonstrations and querying [11, 49, 126, 136]. However,

developer-in-the-loop approaches for specifying the transition function (dynam-

ics) of the collaborative machine's decision-making model are currently lacking.
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2.5 Communication with the Human Teammate

For the design of collaborative machines, the first two insights from human teams

(namely, modeling and adapting to the teammate) manifest themselves as oppor-

tunities for effective information sharing between the robot developer and the col-

laborative machine. In contrast, the third insight emphasizes the need for effective

information sharing between the teammates (i.e., the human teammate and the

collaborative machine) during the execution of the collaborative task.

Execution-time communication between the human and machine is essential in

certain applications - such as a chatbot answering a user query [130], or a tutoring

robot providing help/instructions [117]. In others, it aids in improving the interac-

tion by allowing agents to share observations regarding the environment [163] and

make inferences regarding teammates [166, 138]. For instance, CobotSAM could

utilize speech to infer or influence the goal (latent state) of its human teammate.

Further, information sharing in human-machine teams has the potential to influ-

ence the human teammate's subjective perception of the machine positively - e.g.,

by engendering trust among teammates [90, 131, 143]. Due to this potential of in-

formation sharing, in the last decade, significant research has been conducted to

enable communication between humans and machines [931.

2.5.1 Communication Modality

Several modalities for human-machine communication are actively being re-

searched - such as natural language [92, 149], visual signals [12], eye gaze [4],

and the physical motion of a robot [32, 72, 146]. These modalities enable collabora-

tive machines to either convey information to the human teammate, interpret the

information received from the human teammate, or both. A challenge while devel-

oping a modality is that of symbol grounding, i.e., grounding the communication

in the model of the world that the collaborative machine maintains [148]. In order

to resolve this challenge, approaches that facilitate grounding through language

models, gestures and interaction have been developed [9, 166].
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In addition to communication modalities that enable explicit communication

between teammates, the ability to communicate implicitly through social cues and

joint action has also been identified [3, 68, 84]. Design of these modalities is an

important prerequisite for achieving human-machine communication. However,

in addition to being able to communicate, prior research indicates that effective

use of this ability is necessary to realize its benefits for teaming [17].

2.5.2 Communication Policy

While communication provides several benefits for teamwork, it also incurs costs.

Information sharing typically requires both the sender and the receiver to expend

resources, which might otherwise be used for improving their performance on the

collaborative task. For instance, if CobotSAM repeatedly asks the human associate

information about her goal, the human associates workload may increase and at-

tention to the collaborative task might degrade. Thus, in this case, unwarranted

use of communication can result in deterioration of the team's task performance

and the human associate's subjective perception of the robot.

While the development of a communication modality addresses the question,

How to communicate?

equally important questions that need to be addressed are

If, when and what to communicate?

During a human-machine collaborative task, too little communication may lead

to poor situation awareness and miscoordination. On the other hand, communi-

cating too often may lead to information overload [13, 114] or even humans ignor-

ing communications from the machine [33, 110]. Thus, both low and high levels

of communication are detrimental to team performance. As highlighted in Fig. 2-

5, successful machine teammates will need the capability to effectively use their

communication modality or, equivalently, a communication policy. Similar to the

specification of the interaction policy, multiple paradigms can be explored for spec-

ifying a collaborative machine's communication policy.
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Manual Specification For reasons identical to the specification of the interaction

policy (discussed in Sec. 2.4.2), manual specification of the machine's communica-

tion policy remains effort-intensive and results in sub-optimal policies. While the

importance of effective communication has been identified for teamwork, algo-

rithmic approaches for generating the communication policy for human-machine

collaboration have been relatively under-explored [88, 157].

Planning-Based Approaches In contrast to human-machine teams, however,

there has been significant research and development towards algorithmically gen-

erating the communication policy for multi-robot teams. For multi-agent systems,

several variants of the decentralized partially observable Markov decision pro-

cess (dec-POMDP) model [106] that include communication have been proposed

[44, 116, 142]. Further, multiple algorithms that solve these models have also been

developed [7, 96, 123, 167, 168, 169]. With the help of developer-specified environ-

ment and agent models, these algorithms are capable of reasoning about action and

observation certainty and making communication decisions. While instructive for

developing solutions for human-machine teams, the agent models in multi-agent

approaches do not include latent states (such as compliance and preference) that

are important for capturing the effect of machine's communications on human be-

havior and critical for reasoning about human-machine communication.
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Learning-Based Approaches In order to circumvent the need for specifying

models (of environment as well as of the teammate's behavior) for generating

the communication policy, approaches that learn a communication policy through

multi-agent reinforcement learning have also been developed [37, 43, 661. These

learning-based approaches require the team to communicate at training time and

generate a decentralized communication policy for execution time. However, sim-

ilar to RL-based approaches to arrive at the interaction policy, the number of train-

ing episodes required for learning a communication policy remains prohibitively

large for training human-machine teams. Thus, in summary, the discussion of

related work highlights that novel approaches are needed for generating commu-

nication policy for human-machine collaboration.

2.5.3 Opportunity: Decision-Making for Communication

During human-machine collaboration, a machine may be able to share informa-

tion, such as its intent or observations, which it cannot anticipate prior to execu-

tion. Sharing of this information, when it is beneficial for coordination, can im-

prove the collaborative performance of the human-machine team. Achieving the

ability to weigh the cost and benefit of a communication message necessitates the

design of novel decision-making techniques for human-machine communication.

Decision-making for human-machine communication will need to be per-

formed during interaction, especially in contexts where environment model is in-

complete or the problem size (state space) is large. In order to enable communica-

tion decision-making during task execution, collaborative machines will need ap-

proaches that can jointly reason about the robot's actions and communications in

the limited time available during interaction. Further, to communicate effectively,

the collaborative machines will need to reason about the latent states that capture

the effect of the communications on the human teammate's behavior. Modeling

this effect would require the machine to maintain models of communication cost

and human decision-making.
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Of broad applicability and use will be development of general decision-making

approaches that work across collaborative tasks and communication modalities

(similar to existing general decision-making paradigms in robotics, such as motion

planning and task planning). Finally, to address challenges of deploying collabora-

tive machines in the real world, approaches that do not require extensive training

data or developer effort are especially desirable.

2.6 Summary

Motivated by the quest of finding a principled approach to developing collabo-

rative machines, in this chapter, we focused on three characteristics of effective

human teamwork and discussed their implication for human-machine collabora-

tion. In these discussions, we came across three entities that play a role in the de-

sign and deployment of collaborative machines - namely, the collaborative machine

itself, the human teammate whom the machine interacts with and, equally impor-

tantly, the robot developer who is tasked with designing the machine.

Irrespective of the collaboration scenario, each of these three entities possess

different information. Through a discussion of recent and on-going research in

human-machine interaction, we observed that encoding the three characteristics

of effective teaming in collaborative machines corresponds to opportunities for

effective information sharing between the three entities. In the following chapter,

I mathematically formalize these opportunities of effective information sharing for

human-machine collaboration and state the problems addressed in this dissertation.
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Chapter 3

Problem Statements

The insights from studies of human teams and deployments of collaborative robots

point to the importance of effective information sharing for human-machine col-

laboration. The opportunities for enabling effective information sharing, as dis-

cussed in the previous chapter, apply across a variety of collaboration scenarios.

In this chapter, I formalize these opportunities by formulating three problems,

corresponding to each of the three opportunities. The first two problems focus

on the transfer of information from the robot developer to the collaborative machine

for the purposes of specifying a model of the human teammate and the interac-

tion policy, respectively. The last problem addresses the need for execution-time

decision-making for information sharing between the human teammate and the col-

laborative machine. Before discussing the problem statements, however, I present

the human-machine collaborative scenarios of interest and provide a model for

representing these scenarios.

3.1 Scope: Collaboration Scenarios

In this dissertation, I focus on a subclass of human-machine collaboration scenar-

ios - namely, human-robot dyads performing sequential tasks with a shared and

known task objective (see Fig. 3-1). Each member of the team (i.e., the human

teammate and the collaborative robot) potentially has different abilities.
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Figure 3-1: An abstraction for human-machine collaborative scenarios of interest.

Prior to task execution, the robot developer programs the machine by utilizing

her domain expertise. During task execution, both the human and the robot have

autonomy over their actions and receive observations from the environment. The

information that each agent has might differ; this might happen due to decentral-

ized nature of the multi-agent task, incomplete knowledge of the environment, or

an inaccurate model of the teammate's behavior. Depending on the available com-

munication modality, the teammates can share certain types of information with

each other during task execution.

3.1.1 Motivating Domains and Applications

The focus on sequential tasks with a shared and known objective is motivated by

their numerous instantiations, which are found across domains, including homes,

offices, hospitals, and outer space. For instance, consider a robotic assistant (such

as CobotSAM) tasked to support a human in the assembly of parts in a factory

[159]. Assembly tasks typically require multiple steps and are, thus, sequential.

Further, the human, the robot, and the robot developer know the objective of the

assembly task a priori. Finally, by monitoring the assembly performance (e.g., the

number of parts assembled), one can obtain an objective measure of the human-

machine team's collaborative performance.

40



Other instantiations of human-machine collaboration that are a member of the

chosen subclass include a robot supporting an astronaut [28], a robotic scrub nurse

supporting a human surgeon [57], a service robot supporting a human user, and

an unmanned aerial vehicle supporting a first responder [163].

3.1.2 Task Model

As discussed in Sec. 2.4.3, multiple paradigms can be utilized to represent human-

machine collaboration. Due to the focus on tasks with a known and shared objec-

tive, I utilize a multi-agent variant of Markov decision processes (MDP) to model

the collaboration scenarios of interest. Multi-agent variants of the MDP have a

rich heritage in multi-agent systems and computational human-robot interaction

research [16, 101, 106].

Specifically, I use a decentralized partially observable Markov decision process

(dec-POMDP) with a factored transition and observation model to describe the

collaborative tasks of interest. This factored variant of the dec-POMDP model de-

scribing human-robot dyadic tasks of interest is detailed as follows:

" The task includes two agents, namely, the human (denoted by H) and the robot

(denoted by R);

• S denotes the set of states s of the collaborative task. I use a factored representa-

tion where s (SH, SR, SE), in which SH and SR correspond to human- and robot-

specific features, respectively, and SE denotes additional features (e.g., based on

the task structure and the environment);

" AH x AR denotes the set of joint actions a _ (aH, aR). AH and AR denote the

action space of the human and the robot, respectively. The actions of agents can

be temporally-extended (i.e., macro actions). While the actions are represented

as joint actions it does not prevent the agents from making decisions and acting

autonomously - a necessary feature for modeling human-robot teams;

• 0 OH X OR denotes the finite set of joint observations o. OH and OR denote

the set of the human and robot observations, OH and OR, respectively.
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" The state dynamics are assumed to be Markovian and are governed by the tran-

sition function T(s' s, a) : S x A x S -+ [0, 1]. The transition function has the

following factored structure,

T (s s,a) = TH(s'I s,a) -TR(sR s,a) TE (s'E s,a), (3.1)

where TH, TR, TE are transition functions for the state factors;

" The team receives a shared reward at each step, R (s, a) : S x A -a R;

" The observation function is denoted as O(o s, a,s') : S x A x S x D -3 [0,1]. The

observation function exhibits the following factored structure,

O(o s,a, s') = OH(OH s,a, s') -OR (OR|s, a, s) (3.2)

• 7 c [0, 1] denotes the discount factor; and

" (optionally) tf E Z+ denotes the time horizon of the problem.

The human-robot team's objective is to maximize the expected cumulative dis-

counted reward. I reiterate that the task model is a specification of the the collabo-

rative scenario and does not prescribe or proscribe how the teammates should act

to accomplish the task. Consequently, the state of the task model does not model

the mental states of either the human or robot.

3.1.3 Instantiations of the Task Model

In order to exemplify the varied types of collaborative scenarios that can be mod-

eled using the task models, I present two instantiations of the model describing

near-term applications of human-robot collaboration.

Shared Workspace Tasks As the first example, consider a human and a robot

performing pre-allocated tasks in a static shared workspace. For instance, a robot

and human navigating a narrow lane [112] or Rob@Work 3 sharing space with a

human associate in the factory [158]. A simplified example from a grid-world is de-
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Figure 3-2: A simplified example of the shared workspace task.

picted in Fig. 3-2, where black grids denote static obstacles. The human and robot,

who are working in the grid, need to switch places in order to complete their task.

The teammates need to coordinate their motion to complete the task safely and ef-

ficiently. Real-world instantiations of the shared workspace task, from the domain

of automotive final assembly, are depicted in Fig. 2-1. The shared workspace task

can be readily represented using the task model.

For instance, for the simplified scenario, the important features include posi-

tion of the human and robot and the map of the environment. These features corre-

spond to the state components as follows: SH (human position), SR (robot position),

and SE (map). Consequently, the transition models TH and TR correspond to the

motion dynamics of human and robot, respectively. The motion dynamics depend

on the physical capabilities of the agents and the map of the shared workspace.

The dynamics of the environment (e.g., motion of dynamic obstacles) is captured

by TE. For the static environment in the grid-world example, the transition model

of SE is given as follows: TE (SE s, a) = 1(s' = SE)-

Depending on the teaming context, the agents may have complete or partial

observability of the state s. For instance, in scenarios with partial observability,

the teammates might have partial knowledge of the map or have a limited sens-

ing radius. In contrast, for applications in known and structured environments

(such as factories), the teammates may have complete knowledge of the map and

each other's location. In order to succeed at the task, the human and the robot

have to work alongside each other by coordinating their motion. Thus, the reward

function specifies that the robot should reach its goal as soon as possible while

maintaining a safe distance to the human.
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Collaborative Assembly Tasks As the second example, consider the set of tasks

where the human and the robot are collaborating to complete a multi-step assem-

bly. For instance, a human-robot team assembling an automotive engine [159] or

a robotic assistant supporting an astronaut in unpacking a shipment. As an intu-

itive example, consider a collaborative robot and human making sandwiches in a

futuristic kitchen. Due to their complementary abilities, the human is performing

the dexterous component of the task of making the sandwich, while the robot is

handing over ingredients to the human.

For the example, the definition of SH, SR, and their corresponding transition

models TH, TR remains identical to the first example. The task progress of the

multi-step task (i.e., which steps/sub-tasks of the assembly have been completed)

is encoded via SE. The transition model TE corresponds to the task recipe, e.g., a

recipe tree [65] or an enumeration of task plans. The overall transition model ex-

hibits the required factored structure, i.e., T = TH - TR . TE. The reward specifies

that the collaborative task should be completed as soon as possible while main-

taining safety. Since safety can be quantified using the human-robot distance (a

function of SH and SR) and the task completion can be measured using the task

progress SE, as required by the task model, the reward can be specified as a func-

tion of the task model's states and actions.

3.1.4 Assumptions

By formalizing the collaborative task as a factored variant of the dec-POMDP, I

focus on a subset of possible human-robot collaboration scenarios. I discuss the

implications of this modeling choice as follows:

" By representing exactly two agents, the task model is designed for dyadic

human-robot interactions.

• By utilizing a discrete representation of the task, the task model does not cap-

ture tasks with continuous features (states). A workaround to this limitation is

discretizing continuous features (if any) that are needed for describing the task.
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* Due to its Markovian assumption, the task model is catered towards tasks whose

dynamics can be described tractably using a Markov model. I emphasize that, in

theory, any task can be modeled as Markovian by incorporating sufficient infor-

mation in the state. Hence, the utilization of a Markovian representation does

not further limit the tasks that the model can represent. However, in practice, the

state space may have to be significantly large (as compared to a non-Markovian

model) in order to satisfy the Markovian assumption.

Further, I also make certain assumptions about the prior knowledge available

to the developer as well as the capabilities of the human and robot. I describe these

assumptions and their implications for modeling collaboration as follows:

* I assume that during collaboration the human and robot have full observability

of the task state. However, the task model does not model mental states of the

agents. Thus, as motivated in Chapter 2, novel representations and techniques

are needed that enable a robot to model and reason about these mental states.

In general, the teammates cannot observe each other's mental states (such as

intent). Hence, despite the assumption of full observability, the challenges and

opportunities of effective information sharing are not only captured but empha-

sized in the considered problem settings.

" I assume that the developer has full knowledge of the parameters of the task

model. The solutions presented in this dissertation are developed from the per-

spective of a robot developer, who is tasked to design a collaborative robot for a

particular application. For instance, a developer deploying a collaborative robot

to assist humans in a specific assembly task [159] or to assistant a surgeon in a

particular procedure [57]. In such settings, the developer has knowledge of the

task (e.g., map of the factory, task in the operating room). However, as detailed

in Chapter 2, the challenge lies in facilitating the developer to effectively specify

human models and robot policies to enable fluent human-robot collaboration.

Hence, the problems considered in the dissertation aim to reduce the developer

effort in specifying models and policies for interaction and communication.
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* I assume that the the reward function is known not only to the developer but

also the human teammate. Achieving common knowledge of the reward is an

important problem and approaches, which are complementary to problems con-

sidered in this dissertation, are actively being developed [11, 49, 126, 136].

As the examples demonstrate, despite its structure and the Markovian assump-

tion, the task model can represent a variety of applications of human-robot dyadic

collaboration including sequential tasks. In this dissertation, however, I utilize in-

stantiations of the task model that represent physical human-robot collaboration

scenarios (specifically, the shared workspace and collaborative assembly tasks) to

ground the proposed research problems and demonstrate their solutions. Further,

as detailed next, the considered problem setting enables us to highlight and focus

on the challenges and opportunities of effective information sharing between the

developer, human teammate, and collaborative robot.

3.2 Modeling Other Agents with

Partial Specifications of Behavior

Motivated by the need to model the human teammate, as the first problem (de-

picted in Fig. 3-3), I consider the problem of recovering another agent's decision-

making model. I explicitly focus on the role of the robot developer in creating such

models and seek to enable effective information transfer from the robot developer

to the collaborative robot. The problem statement described next aims to address

the gap in representations and learning algorithms for fusing both data and do-

main expertise while creating models of other agents.

3.2.1 Background

The behavior of the human teammate depends on a variety of decision factors.

Some of these factors are known and observable to the developer, while others

are unknown and latent. For instance, in human-robot teamwork and assisted
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Figure 3-3: Learning model of another agent using data and domain expertise.

driving, the human's behavior depends on both observable features of the envi-

ronment, progress of the task, and latent decision factors (such as human's mental

states corresponding to trust, attention, intent). Hand-coded categories are typi-

cally used to quantify such latent states [41].

I denote the observable decision factors as sH C SH and the latent decision

factors as XH C XH. In general, both the types of decision factors are dynamic, i.e.,

they change during task execution. For a specific decision-making context, such as

the collaborative task, the human teammate makes the decisions about his actions

aH based on the decision factors. The process of modeling the behavior of the

human teammate (i.e., the other agent) is equivalent to specifying the dynamics

of the agent's decision factors and the agent' policy TH, which specifies a mapping

from the decision factors to the agent's decisions aH.

Behavioral Data By utilizing domain knowledge and observing the human, it is

typically possible for the developer to identify the human's observable decision

factors and collect behavioral data using sensors. However, typically, sensors can

only measure the observable decision factors but not human's mental states. I

denote the dataset of (SH, aH)-tuples as the unsupervised behavioral dataset, since

it does not include data of human's latent decision factors or mental states XH•

Due to the focus on sequential tasks, this dataset comprises of execution traces (or,

equivalently, trajectories) of the human's behavior.
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Partial Specifications of Behavior While modeling other agents it is difficult to

identify or quantify all of their decision factors. However, in specific applications,

the robot developer can identify and obtain labels for the latent decision factors

XH by utilizing their domain knowledge or by querying the human teammate. In

addition to the labels, the robot developer may be able to provide change-points of

the latent decision factors. In general, in an execution trace, the change-points of

decision factors are fewer but provide rich information for modeling the teammate.

As discussed in the previous chapter, multiple data-driven approaches are ca-

pable of learning predictive models from such labeled data. However, they may

fail to recover the true model of another agent - e.g., the reward in inverse re-

inforcement learning (IRL) [2]. Further, the process of obtaining these labels or

change-points is typically time-intensive and intrusive. Thus, approaches that can

learn a teammate model with no or fewer labels are desirable.

While developing these models, domain knowledge pertaining to the true

model of behavior is often available or can be acquired by the developer. This

domain knowledge corresponds to the partial specification of that agent's decision

factors (states), state dynamics, change-points of states, and policy (mapping from

states to actions). I refer to this varied information available from the developer as

the partial specifications of behavior.

For human-robot collaboration, ensuring that the learned model conforms to

these partial specifications is necessary for maintaining model alignment. The par-

tial specifications alone are insufficient for specifying a model, yet they can accel-

erate data-driven learning. Moreover, I posit that these partial specifications have

the potential to alleviate the ambiguity between the true and learned models that

exists when learning via behavioral data alone. The setup of the first problem is

inspired by the the availability of these varied inputs for modeling the teammate,

which are challenging to incorporate in existing model learning approaches.

Specifically, I assume that the dynamics of the observable decision factors is

known to the robot developer, while the dynamics of the latent decision factors

needs to be learned. The specifications include two types of auxiliary inputs,
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namely, (a) global inputs, i.e., incomplete information about dynamics and pol-

icy, that are invariant to the behavioral dataset, and (b) local inputs, i.e., labels and

change-points of the latent decision factors for the available behavioral data.

3.2.2 Problem Description

Inputs Thus, in summary, the inputs for learning a teammate model include:

" an unsupervised behavioral dataset comprising of the agent's observable deci-

sion factors (sH) and decisions (aH);

" dynamics of the observable decision factors;

" (optionally) specification of the latent decision factors (xH);

" (optionally) labels and/or change-points of the latent decision factors (XH) cor-

responding to a subset of the behavioral dataset;

" (optionally) partial information about the dynamics of the latent decision factors;

and

" (optionally) partial information about the agent's policy.

Problem Statement Given the inputs (i.e., the unsupervised behavioral dataset

and partial specifications of behavior), learn a model of the human teammate that

is aligned to the true model of the teammate's behavior.

Challenges Section 2.3 motivates the importance of the problem for human-

machine collaboration. The stated problem is also challenging for a variety of

reasons. Prior art in human-robot collaboration typically focuses on learning the

reward or policy of the human teammate; hence, a novel representation is needed

that can represent not only the policy but also the dynamics of the other agent's

decision factors. Next, the teammate model needs to be derived from the partial

specification of behaviors, which include semi-supervised data and partial knowl-

edge of model variables; hence, novel techniques for learning need to be devel-

oped. Finally, metrics to evaluate the alignment of the true and the learned model

need to be identified.
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Chapter 4 addresses these challenges by providing the Agent Markov Model

(AMM), a generative representation for describing sequential decision-making be-

havior, and Constrained Variational Inference (CVI), a hybrid paradigm for learn-

ing generative models using semi-supervised data and model constraints.

3.3 Reducing Developer Effort for Specifying

the Interaction Policy

As the second problem, depicted in Fig. 3-4, I focus on the challenge of specify-

ing the collaborative robot's interaction policy. Similar to the first problem, the

problem statement explicitly considers the role and domain expertise of the devel-

oper in this specification process. By identifying and quantifying the sources of

developer's effort, the problem seeks to accelerate the process of prototyping and

deploying collaborative machines.

3.3.1 Background

Section 2.4 describes the multiple paradigms available for specifying the interac-

tion policy. Briefly, despite the knowledge of the task objective, manually hand-

crafting robot behavior (i.e., the interaction policy) or learning the policy directly

through interaction is difficult. Given a decision-making model, algorithmic com-

putation of the policy speeds up the generation of robot behavior.

Thus, in the current problem, I focus on the paradigm of (i) specifying the

robot's decision-making model, followed by (ii) interaction planning (i.e., gener-

ating the interaction policy given the model). In practice, model specification still

remains effort-intensive; my goal is to reduce this specification effort. For speci-

fying the robot's decision-making model, the developer needs to specify models

of the collaborative task and the human teammate's behavior. The task model

corresponds to the specification of the task objective and dynamics (i.e., a model

specifying the outcomes of the human and robot actions during the task).
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Figure 3-4: Reducing the developer effort in specifying the interaction policy.

In this problem, within the collaborative scenarios that can be described by the

task model of Sec. 3.1.2, 1 limit the scope to scenarios where both the human and the

robot have complete observability of the task state. I further assume that the task

objective and dynamics are known a priori to the robot developer. However, note

the difference between the team's task model and the robot's decision-making model.

The task model by itself is insufficient for generating the robot's interaction policy,

as it does not model the human teammate's behavior. A teammate model is thus

necessary and allows for the prediction of human's actions during the task. While

I assume necessary domain expertise is available for specifying the task model, as

described in Problem 1, robot developers only have access to behavioral datasets

and partial knowledge of human behavior while creating the teammate model.

3.3.2 Problem Description

Inputs Thus, in summary, the inputs for specifying the interaction policy include:

* a specification of the human-robot collaborative task provided using the task

model described in Sec. 3.1.2;

* an unsupervised behavioral dataset comprising of the human teammate's ob-

servable decision factors (sH) and decisions (aH);

" dynamics of the observable decision factors; and

" (optionally) partial specifications of the teammate's behavior.
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Task Characteristics Both the human and the robot have complete observability

of the task state. Further, the dynamics of the task state and the shared reward are

known to the teammate and the developer.

Problem Statement Given the inputs, arrive at the collaborative robot's interac-

tion policy that accrues the maximum expected cumulative reward during human-

robot collaborative task execution.

Challenges Similar to the challenges described for Problem 1, specification of

the robot's decision-making model from varied inputs requires necessitates novel

representations and learning algorithms. Despite the full observability of the task

state, which reduces the collaborative task to a multi-agent Markov decision pro-

cess (MMDP) [106], typically the robot will not be able to observe the human team-

mate's latent states. Thus, along with model specification, interaction planning in

collaborative tasks is also challenging. The large problem size of real-world col-

laborative tasks limits the use of offline planning techniques, while the limited

planning time available during interaction makes the online computation of robot

decisions difficult. Resolution of this problem is presented in Chapter 5, which pro-

vides a novel framework for hybrid and semi-supervised specification of robot's

interaction policy for human-robot collaboration.

3.4 Deciding to Communicate during

Collaborative Task Execution

The first two problems focused on the information transfer from the developer to

the collaborative robot for the purposes of specifying the human teammate model

and the robot's interaction policy. This information transfer occurs prior to task

execution. In contrast, in the third problem (depicted in Fig. 3-5), I consider the

opportunity of effective information sharing between the teammates (i.e., the col-

laborative robot and the human teammate) during task execution.
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Figure 3-5: Developing an execution-time communication policy for fluent human-
robot collaboration.

During task execution, communication between teammates can be used to im-

prove coordination by sharing information about each other and the environment.

However, as motivated in Sec. 2.5, too much or too little communication between

the human and the robot is undesirable, and execution-time approaches for effec-

tive information sharing are needed.

3.4.1 Background

As both the actions and communications of the robot can influence the human

teammate's behavior and task performance, in the third problem, I seek the devel-

opment of approaches that can jointly generate the robot's interaction and commu-

nication policy. Such decision-making for the communication between a collabo-

rative robot and a human teammate presents several modeling and algorithmic

challenges [157], primarily arising due to

" challenges in quantifying the cost of communication,

" challenges in modeling the human teammate,

" difficulty in estimating the effect and benefits of communication,

" inherent decentralized-nature of multi-agent task, and

" the need for execution-time communication decisions.
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In order to focus on the questions of if, when, and what to communicate, the

problem assumes the presence of a communication modality (such as speech or

text) with developer-specified symbol grounding. For achieving effective informa-

tion sharing, in addition to the communication modality, novel models of human-

robot communication cost and frameworks that reason about human's behavior

during robot decision-making are required.

Similar to the first two problems, the challenge of modeling human behavior

needs to be addressed by fusing behavioral data and partial specifications. How-

ever, in order to enable communication decision-making, the teammate model

should not only capture human's task execution but also the human's commu-

nications (e.g., response to the robot's communications).

3.4.2 Problem Description

Inputs The inputs for making execution-time communication decisions include:

" a specification of the human-robot collaborative task provided using the task

model described in Sec. 3.1.2;

* a communication modality with developer-specified symbol grounding;

" an unsupervised behavioral dataset comprising of the human teammate's ob-

servable decision factors (sH) and decisions (aH);

" dynamics of the observable decision factors; and

• (optionally) partial specifications of the teammate's behavior.

Task Characteristics Both the human and the robot have complete observability

of the task state. Further, the dynamics of the task state and the shared reward are

known to the teammate and the developer.

Problem Statement Given the inputs, arrive at the collaborative robot's interac-

tion and communication policy that accrues the maximum expected cumulative

reward during human-robot collaborative task execution.
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I address the third problem in Chapter 6, which provides a novel model of

communication cost and a hybrid framework to generate policies for effective in-

formation sharing during human-robot collaboration.

3.5 Summary

In this chapter, I formalized the three opportunities for effective information shar-

ing as problems of learning with hybrid inputs, interaction planning, and commu-

nication decision-making, respectively. The presence of these opportunities and

formulation of the corresponding problems highlight the need for and benefits

of effective information sharing between the robot developer, collaborative robot,

and human teammate for success of human-machine collaboration. The modeling

and algorithmic solutions presented in the subsequent chapters demonstrate that

the effective sharing of information is not only important but also feasible.
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Chapter 4

Modeling Other Agents with

Partial Specifications of Behavior

In this chapter, I present novel representations and algorithms that address Prob-

lem 1, i.e., learning models of other agent's behavior by utilizing both unsuper-

vised behavioral data and partial specifications of behavior (see Section 3.2.2). Both

the model representation and learning algorithm have been designed to facilitate

utilization of domain expertise (when available).

I begin with a description of a novel model, termed as the Agent Markov Model

(AMM), to describe the decision-making behavior of an agent performing sequen-

tial tasks. The AMM incorporates a factored state representation to represent latent

and dynamic decision factors. The model structure further facilitates encoding the

domain knowledge of the other agent's known decision factors, their dynamics,

and their impact on the policy.

I adopt a Bayesian approach and provide supervised, semi-supervised, and

unsupervised algorithms for learning the AMM from behavioral data. In order

to accelerate learning with partial specifications, I introduce Constrained Varia-

tional Inference (CVI), a learning paradigm that incorporates auxiliary inputs as

constraints during the learning process. I evaluate the performance of the algo-

rithms and their ability to incorporate partial specifications in experiments, and

demonstrate improvements in alignment between the true and the learned model.
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4.1 Models of Sequential Decision-Making

In order to formalize problem of learning models of other agents, I provide a

model of decision-making informed by the presence of latent decision factors and

bounded rationality. Several representations, originating from varied modeling

and application requirements, have been proposed and analyzed in prior research

[5]. Due to our focus on sequential decision-making, I adopt a representation in-

spired by controlled Markov chains, i.e., Markov chains with control inputs [75].

In order to minimize ambiguity, in this chapter, I refer to the agent who seeks

to learn the decision-making model as the observer, while the other agent as the

decision maker. While developing collaborative robots, the observer corresponds

to the robot developer who is encoding the model of the human teammate (the

decision maker) in the collaborative robot's mental model.

4.1.1 Controlled Markov Chain (CMC)

Briefly, a controlled Markov chain models the impact of an input on the sequential

evolution of a random variable. I denote the random variable of interest, also

referred to as the state of the Markov chain, as f E F. The input to the Markov

chain, also referred to as the decision or action, is denoted as a E A. Due to the

Markov property, the distribution of the next state given the entire history depends

only on the current state and action - i.e.,

Tf = Pr(ft+1 ft, at) = Pr(ft+1 fo:t, ao:t). (4.1)

For a stationary CMC, both the state transition probabilities Tf and the initial

state probability bf - Pr(fo) remain constant over time. The model parameters

(F, A, bf, Tf) and the state-action pair (ft, at), completely specify the distribution

of the next state ft+i-

1 A Note on Notation used in Chapter 4 The variables discussed in this chapter correspond
to that of the decision maker (e.g., the human teammate). In Chapter 3, I use the subscript A to
denote AMM-specific variables. However, for ease of exposition, the analysis presented in this
chapter does not explicitly include this subscript. Thus, a = aA, f = fA, and so on.
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4.1.2 Agent Markov Model (AMM)

In order to model sequential decision-making behavior, I build upon the CMC. The

decision factors of an agent are modeled as the state of a factored CMC, f = [x,s].

The decision-maker can observe both x and s. However, only some decision fac-

tors are known to the observer (denoted as known states s E S), while others are

unspecified (representing latent/mental states x E X). This implies that, poten-

tially, neither the variable x nor the set X may be known to the observer. Note that

F = X x S.

The dynamics of the known and latent decision factors are denoted as Ts and Tx,

respectively. Since the mental states x can impact the known states s only via the

agent's actions, the transition probabilities have the following factored structure:

Tf (ft+1 ft, at) = Ts (st+1 st, at)Tx (xt+1 \xt, st, at). (4.2)

In order to model an agent's decision-making, we additionally require a map-

ping from decision factors to actions (i.e., policy). I model the decision maker

to follow a stationary Markov policy: 7 = Pr(atlft) = Pr(atlfo:t). Further,

the initial probability distribution of the unknown decision factor is denoted as

bx, and the observable component of the initial state as so. I term this gener-

ative model of sequential decision-making behavior, parametrized by the tuple

(X, S, A, bx, T, Ts, 7T), as the Agent Markov Model (AMM).

Example As an example of a behavior modeled via the AMM, consider an agent

navigating a grid world (e.g., the human in Fig. 3-2). To an observer, the agent's po-

sition is observable and thus is the known state, s, while its goal is the unspecified

latent state, x. Consequently, both the number of goals, I X 1, and their dynamics

(the way in which the next goal is chosen), Tx, are unknown. While both (x, s) im-

pact the agent's choice of action (the direction in which the agent moves), the next

position depends only on the current position and the action. Thus, the transition

probabilities exhibit the factored structure of Eq. 4.2.
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Figure 4-1: The Agent Markov Model (AMM)

Figure 4-1 provides a graphical representation of the AMM. Each node in the

figure represents a random variable, and the observed variables are shown in gray.

Decision factors s and x (included in the oval supernode) impact the decision

choices a, based on the policy 7(als, x). The global variables Tx and Ts specify

the probability for the next state given the previous state and the action, and bx

models the initial probability.

4.1.3 Related Models

The AMM shares properties with existing models for sequential decision-making.

However, it also includes specific features for incorporating domain knowledge

and facilitating model alignment.

Finite State Controllers Recently, Panella and Gmytrasiewicz used probabilis-

tic deterministic finite state controllers (PDFCs) to model the behavior of another

agent. A PDFC models the state transition as deterministic, and thus can be de-

rived as a special case of the AMM with deterministic Tf. Further, in contrast with

the PDFC, the AMM uses a factored representation for the state variable, which

allows the model to incorporate known dynamics of the state (via Ts), and prior

knowledge regarding the impact of the known state on the agent's policy (through

probabilistic priors for 7T).
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Markov Decision Processes Inclusion of a reward function R within the AMM

describes an agent executing policy 7 in a factored Markov decision process (MDP)

given by the tuple (F, A, Tf, R) [1151. Thus, the AMM subsumes the models uti-

lized for inverse reinforcement learning. Since agents may not behave rationally

[64], by directly representing the policy to describe decision-making, the AMM

does not assume rationality or even goal-oriented behavior on the part of the other

agent.

Partially Observable MDPs The AMM and partially observable Markov deci-

sion processes (POMDPs) are also related but serve different purposes. POMDPs

are used by a decision-maker agent to arrive at her policy (7r). In contrast, the

AMM is designed for an observer agent seeking to infer and explain the decision-

maker's policy (r) by observing her behavior. Further, the agent solving a POMDP

to arrive at 7T may not observe the full state but has complete knowledge of the

state space (S, X). In the AMM, however, a subset of state space (X) is not only

unobservable but may also be unknown.

4.2 Problem Statement

Section 3.2.2 describes the problem of learning the behavior model of another agent

performing a sequential task. In this section, I recast this problem in the context of

learning an AMM. Based on the availability of the auxiliary inputs (partial specifi-

cations of behavior), a taxonomy for different versions of the problem statement is

also discussed.

Consider an agent whose true behavior model is given by the AMM tuple

(X, S, A, bx, Tx, Ts, 7T). An observer seeks to recover this true model, but has partial

specification of the agent's behavior, described as follows:

" knowledge of the set of observable decision factors, s E S;

" knowledge of the set of agent's actions, a c A;

* dynamics of the observable decision factors, T,;
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" an unsupervised behavioral dataset - i.e., I execution traces of the agent's be-

havior, where the i-th trace refers to the sequences (sb:Ni, aO:Ni)

" (optionally) knowledge of the latent decision factors, x E X;

" (optionally) labels of the latent decision factor for the complete or part of the

unsupervised behavioral dataset;

* (optionally) noisy change-point information regarding the latent state - i.e., the

indicator variable ct = I(xti = xt) which is accurate with probability pc;

" (optionally) linear equality or inequality constraints regarding some elements of

the agent's policy (i.e., partial knowledge of 7n) and the transition function of

latent states (i.e., partial knowledge of Tx).

Thus, formally, the problem of learning the decision-making model corresponds

to learning the full AMM tuple given the partial tuple (-, S, A, -, , Ts, .), unsuper-

vised behavioral data (i.e., the execution traces), local auxiliary input (i.e., the la-

bels and change-point of latent decision factors), and global auxiliary input (i.e.,

partial knowledge of transition function and policy).

4.2.1 Availability of Auxiliary Inputs

The motivation behind and detailed description of the various types of inputs are

presented in Section 3.2. Here, through example applications, I discuss the avail-

ability, or lack thereof, of the auxiliary input while modeling humans.

Knowledge of Decision Factors The behavior of humans depends on a variety of

mental states, such as belief, attention, workload, arousal, and trust. Several fields

of study, such as cognitive science, psychology, and human factors, are actively ex-

ploring research on recovering these latent states and understanding their impact

on human behavior. Thus, in general, while modeling the human teammate, it is

difficult to specify all the decision factors that affect her behavior. In parlance of

machine learning, this challenge of identifying the decision factors is akin to that

of feature discovery. However, depending on the modeling context, the robot de-
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veloper may be able to specify the critical decision factors for a given task. For

example, in the grid-based example introduced in Section 4.1.2, we have already

discussed the specification of the known states (as the agent's position) and latent

states (as the agent's goal).

Availability of Labeled Data Typically, the latent decision factors, when known,

correspond to a human's mental states. Thus, even when the decision factors are

known, it might be challenging to obtain its labels for multiple reasons. First, it is

difficult to suitably quantify cognitive variables, such as attention or trust. In order

to overcome this challenge, often a developer-defined scale is used for quantifying

the latent state. Second, even when a scale exists, the process of obtaining the labels

or change-points of the latent states is either intrusive, effort-intensive, or both.

For instance, one approach is to ask users to answer questionnaires regarding their

mental states during task execution. Another approach involves the user labeling

a recording of their interaction post task execution. However, in certain modeling

context, the robot developer may be able to label the critical decision factors for a

given task using domain expertise or algorithms. Despite the option of acquiring

labels of the latent states in certain domains, in order to reduce the developer's

effort, approaches that require no or fewer labels are preferred.

Availability of Domain Expertise The developer typically does not have com-

plete knowledge of a human's policy or evolution of the mental states. However,

often partial knowledge of the human's behavior is available based on prior expe-

rience or domain expertise. For instance, in the grid-world example, the number

of goals, |XJ, or their possible locations may be known to the developer. Such

information constrains the dynamics of the latent state and partially specifies the

transition function Tx. Furthermore, the goal is but one example of the latent state;

in other applications, where the latent state may correspond to other difficult-to-

quantify variables, such as workload and attention, constraints regarding their dy-

namics can be obtained based on cognitive theories and models [114].
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Inputs

Problem Variant

Parametric Nonparametric

Sup. Semi-Sup. Unsup. Sup. Semi-Sup. Unsup.

S, A, Ts known

X known unknown

x-labels full partial none n/a n/a n/a

c-labels n/a partial none n/a partial none

partial r, Tx if yes, then denoted as hybrid learning

Table 4.1: A taxonomy of problem variants for learning the AMM

4.2.2 Taxonomy of Problem Variants

Depending on the availability of the auxiliary inputs, the problem of learning the

model of other agent corresponds to different paradigms of learning. I discuss the

variants of interest next, and summarize them in Table 4.1.

First, I classify the variants based on the specification of the decision factors:

" Parametric AMM Learning: The set of all decision factors (i.e., both observable

S and latent X) is known.

• Nonparametric AMM Learning: The set of observable decision factors (S) is

known, but the set of latent decision factors (X) is unknown.

Next, depending on the availability of local auxiliary inputs (i.e., labels and

change-points of latent decision factors), the learning corresponds to either:

" Supervised AMM Learning: The labels of the latent state x are available for the

entire behavioral dataset. Note that supervised learning is not possible for the

case of nonparametric learning, since X (the state space of x) is unknown.

" Semi-Supervised AMM Learning: The labels or change-points of the latent

state x are available, but only for a subset of the behavioral dataset. Semi-

supervised learning is possible for both the parametric and the nonparametric

case. However, in the nonparametric case, labels of x cannot be obtained (as X

is unknown).
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* Unsupervised AMM Learning: No labels or change-points are available for the

latent state x. Unsupervised learning is possible for both the parametric and

nonparametric case.

Finally, irrespective of availability of other inputs (i.e., labels, change-points, or

knowledge of decision factors), Hybrid AMM Learning refers to the case when

partial knowledge of the latent state transition or policy is available. Thus, hybrid

learning of AMM can be parametric or nonparametric as well as supervised, unsu-

pervised, or semi-supervised. Next, I provide solutions for these problem variants

of learning the AMM. I begin by considering nonparametric, unsupervised learn-

ing, i.e., the problem variant with least input information. I augment this solution

to consider other input types and arrive at solutions for other problem variants.

4.3 Unsupervised AMM Learning with

Nonparametric Priors

I adopt a Bayesian approach to recover the AMM parameters given the partial

AMM tuple (., S, A, -, -, T, .) and the unsupervised behavioral dataset. I view the

unknown model parameters and state sequences as latent random variables, and

seek to infer their posterior using the data. I limit the scope to those AMMs in

which x is a scalar, i.e., only one of the decision factors is latent.

4.3.1 Prior Distributions

The AMM tuple provides a generative model for an agent's behavior; however,

since the tuple is only partially known, I include priors for the unknown AMM

parameters in order to compute their posterior. In the nonparametric case, as the

set of unknown factors X is unknown a priori, the number of factors x is also

unknown. This motivates the use of nonparametric priors for the number of un-

known states nx = I X 1, initial distribution b, and transition function T,.
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I use hierarchical Dirichlet process (HDP) priors inspired by the infinite HMM

model [147]. Under this HDP prior, the popularity of the latent states is generated

via a Dirichlet process (DP). The base distribution over possible latent states, given

by p, can be obtained using a stick-breaking construction with hyper-parameter 7,

i.e.,

GEM(y) (4.3)

Tx(-|x,s,a) ~DP(a-p), V(s,a) and x = 1,2,- -. (4.4)

The rows of the transition function Tx are also generated using a Dirichlet pro-

cess (DP) with base distribution P and scaling parameter a. This allows the model

to share parameters (in this case, the state space of latent states) between the rows

of the transition function. The latent states are indexed as positive integers. A

similar process is used for b,.

In addition to the priors for the latent states and their dynamics, the model

includes a prior for the policy 7r(a ls, x). This prior is modeled as a probability

distribution over the decision-maker's action space and is identical for each of the

potentially countably infinite latent states x. This policy prior allows the developer

to specify prior domain knowledge (if any) regarding the agent's policy. Further,

the policy prior can vary based on the known state s. In absence of additional

knowledge, a Dirichlet distribution can serve as the policy prior,

T(a ls,x) - DIRICHLET(p 1 :|Al), V(s) and x = 1,2,.. (4.5)

Infinite AMM (iAMM) The graphical model of Fig. 4-1, along with the priors

specified in Eq.4.3-4.5, provides a generative model for the AMM. In line with

other nonparametric models, I term this model as the infinite AMM (iAMM). The

iAMM incorporates a factorization structure common to several statistical models

(cf. Eq. 1 Hoffman et al.), which includes global variables (Tx, bx, n, p), local hidden

variables (xO:N), observations (SO:N and ao:N) and hyper-parameters (a, 7, p).
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4.3.2 Variational Inference with Execution Traces

In this section, I derive a algorithm for the case of execution traces as the training

data. In later sections, I augment the algorithm to incorporate other input types

and arrive at solutions to other problem variants for learning the AMM.

In general, obtaining the exact posterior distribution of the iAMM is intractable.

Hence, I explore approaches that approximate this distribution. Both optimization-

based (e.g., variational inference) and sampling-based (e.g., Markov chain Monte

Carlo methods) paradigms can be developed for learning the posterior [154, 155].

Guided by the recent success of variational inference (VI) for sequential models

with factorization structures similar to the iAMM [611, here, I provide a mean-

field VI algorithm in order to approximate the posterior distribution the iAMM. A

sampling-based method for parametric models is presented in the next section.

In the current setting, the training data consists of (s, a) traces from I se-

quences: x={xb }i, s={sNi}1, a-{a:Ni}I. The posterior distribution of the

hidden variables of the iAMM is then denoted as p(x, Tx, bx, T, p js, a). Mean-

field inference approximates this posterior by the product of variational factors

q(x)q(Tx)q(bx)q(nT)q(p) - i.e., by assuming independence between the hidden

variables. Each variational factor is a distribution with separate parameters. The

posterior is obtained as the arg max of the evidence lower bound £;

£C(q) =lEq E p(x, Tx,bx,/ Ps,a) (4.6)
( q(x)q(Tx)q(bx)q(T)q(P)

Due to the mean-field assumption, this optimization problem can be solved by

iteratively optimizing and updating the parameters of the local q(x) and global

q(Tx), q(bx), q(T), q(P) variational factors. Following Hoffman et al., I use the nat-

ural gradient ascent optimization for the global variational updates [6]. While the

structure of the algorithm is similar to that of the SVI algorithm for the iHMM [61],

the variational factors and update equations differ. Here, I include the key terms

for inference of the iAMM; for an excellent introduction to variational inference, I

refer the reader to [55].
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Local Variational Factors

In order to efficiently estimate the latent state sequences in the presence of a non-

parametric prior, I utilize the direct assignment truncation [61]. This inference

approach requires a truncation parameter K as input and models the assumption

that K latent states at most are present in the execution traces, i.e., q(x)=0 if any

x > K. The mean-field update for the local variational factors is given as follows:

q(x) cc exp(Eq [ln p(x,data T,bx,,, P, Ts)) = 1-l q(x') (4.7)

q(x') cc exp (Eq [ln p(x4:N, Si:N,a N x' bx'7' 1's

cc exp (Eq [ln P(Xi:N' S:N'ao.N ' b, Ts

P(x:N S :N,a N x ft, Ts) /Z4.8)
Ni-1

o exp (lnbx(x) + L (lnTx(x+1|x,a)+
0

In Ts (si s ,a') + in f(a x s')

The tilde denotes the operator A= exp(Eq(A) [ln A]) and is used to provide expec-

tation with respect to the global variational actors. The variable Z' denotes the

normalization constant. In order to compute the normalization constant and given

their utility in updating global factors, I compute the forward F and backward

messages B for each sequence. The message computation takes 0(NK 2) time.

F(t,j) Pr(xt=j, sot, ao:t) (4.9)

= ((t_1,kPix(jlk,st-,at _1)Ts(st st-,at-1 )ft(at j,st)) (4.10)
k

B(t'j) Pr(st+:N, at+1:N xt j, sO:t, ao:t) (4.11)

= (B(t+1,k)x (klj,st, at)T (st+ist, at)ft(at+1 |k, st+1)) (4.12)
k

F(0,5) =bx(j)ft(aolj, so) B (N,j) - 4-13)

Z EF(N,j). (4.14)
i
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Global Variational Factors

The direct assignment truncation allows us to represent the base distribution as

#/= (1:K,# rest), where #1:K represents the probability of the first K states and

Prest =1 - Ek= 1 Pk represents the probability of truncated states. Further, it results

in a Dirichlet prior for the rows of Tx and b, given as DIR (a.(#1:K, 3rest)). Due

to the conjugacy of the Dirichlet and Multinomial distributions, the variational

factors (approximate posterior) for each row of T, are given as follows:

q(Tx(- x = j, s = s, a = a)) = DIRICHLET(Ajsa) (4.15)

In order to update the global parameters, expected statistics are necessary with

respect to the local factor q(x). For the transition function this corresponds to the

expected transition counts which can be efficiently computed using the forward

and backward messages as follows:

akjsa -q(x)1:t1[xt+1=k,xtijst=s,at=a] (4.16)

=LF(t,)Ts(st+1| s, a)T(k j,s,a)ft(at+1 k,s')B(t+1,k) /Z (4.17)

Given the expected transition counts and conjugacy, the global variational pa-

rameters are updated by maximizing the evidence lower bound (ELBO),

Ajsa arg max L(A; Eq[qg]=(a - # + 3asa)) (4.18)
A

£(A) (Eq[qg]-A) - VA ln B(A) + In B(A) + const. (4.19)

B(A) represents the multivariate Beta function, and ln B(A) is the log normalizer

of the Dirichlet distribution (cf. Eq. 13 Hoffman et al.). This optimization problem

is solved by equating the natural gradient [6] of the objective function to zero,

resulting in the update:

Ajsa (- # + asa) (4.20)

69



This update in the variational parameter Ajsa corresponds to a natural gradient

ascent with step size, v, of one. For large datasets, stochastic natural gradient

ascent can be used by considering only a subset of the dataset (local variational

factors) when computing the expected statistics, i.e.,

Ajsa < vt ± avsa) + (1 - it)Ajsa (4.21)

with the sequence of step size vt satisfying the properties: Etvt = oo, Etuv < 00.

Due to the presence of conjugate priors, analysis similar to q(Tx) follows for up-

dating q(bx) and q(7T). However, different expected statistics are required, which

are computed as follows:

Q = Ea (x=j] = Bo,j/Z (4.22)

" T
Unajs = Eq(x)JLt1[at=a, xt-j, st=s] (4.23)

= LtFt,jBt,jI1at=a,sts]|/Z (4.24)

In order to obtain a variational estimate for P, following [61], a point estimate 3*

is obtained by minimizing the evidence lower bound with the constraint that all

elements are non-negative.

Mean-field Variational Inference

Given the nonparametric priors and the variational factors, we arrive at a non-

parametric approach to learning the AMM, summarized in Algorithm 4.1. Along

with data, the inference requires as inputs specification of the prior distributions

(i.e., hyper-parameters). The inference procedure iteratively updates the local and

global variational factors, until the evidence lower bound converges.

The output of the inference algorithm is a distribution over AMMs. In appli-

cations, if need be, a single model can be arrived at by sampling from the distri-

bution or by selecting its mode. We revisit nonparametric learning for the semi-

supervised case in Sec. 4.6.2.
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Algorithm 4.1: Mean-field variational inference for the infinite AMM

Data: N seqs. of (s, a)-tuples
Parameters: Partial AMM tuple (S, A, T,), and hyper-parameters (a, 7, p, K)
Result: Posterior for T, Tx, bx, and N seqs. of x

1 Initialize the global variational parameters
2 repeat
3 for each execution trace in the dataset do
4 | Update the local variational parameters
5 end
6 Update the global variational parameters
7 until the ELBO converges

4.4 Unsupervised AMM Learning with

Parametric Priors

In this section, I provide an algorithm for parametric, unsupervised AMM learn-

ing. In contrast to nonparametric learning, the additional input available in this

sections is the knowledge of the state space of the latent decision factors X. Thus, I

update the prior distributions to encode the knowledge of X and arrive at Bayesian

AMM, a parametric generative model for the AMM.

I provide both sampling-based and optimization-based algorithms for learning

the Bayesian AMM. The variational inference algorithm is derived as a special case

of the algorithm presented in Algorithm 4.1. Gibbs sampling is used to derive the

sampling-based algorithm, which could be used to seed the optimization routine

of variational inference.

4.4.1 Prior Distributions

Similar to nonparametric AMM learning, I pose the problem of recovering AMM

parameters as one of Bayesian learning. I first specify the priors for unknown

model parameters (TA, Tx, b,) and infer their posterior Pr(nTA, Tx, b I-) given the

inputs for learning, namely, partial AMM tuple (S, X, A, Ts) and the unsupervised

behavioral dataset.
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In this case, as the set of latent state is a known parameter, I utilize the Dirichlet

distribution (as opposed to the Dirichlet process) to arrive at the priors for the

latent state distributions (Tx, b,). Specifically, I use the following parametric priors

for the latent state distributions,

b,(.) ~ DIRICHLET(a) (4.25)

Tx (-|x,s,a) ~ DIRICHLET(a), V(s,a) and x = 1,2,.- , |X (4.26)

where a is a hyper-parameter; in applications, different hyper-parameters can be

used for different rows of the transition matrix and the initial distribution.

The choice of the distribution for policy priors depends on the domain. Similar

to the nonparametric model, in absence of additional domain knowledge, I use the

Dirichlet distribution as policy priors with hyper-parameter p,

r(als,x) ~ DIRICHLET(p1:1A), V(s) and x =1,2,- , IX (4.27)

However, in contrast to the iAMM, the number of policy distributions are finite.

Bayesian AMM (iAMM) The graphical model of Fig. 4-1, combined with the

priors specified in Eq.4.25-4.27, provides a parametric generative model for the

AMM. Analogous to other parametric Markov models for sequential data, I term

this model as the Bayesian AMM.

4.4.2 Blocked Gibbs Sampler

In practice, the performance of variational inference can be improved by provid-

ing a suitable initial guess. Thus, first, I provide a blocked Gibbs sampler for the

Bayesian AMM, summarized as Algorithm 4.2. The Gibbs sampler begins with an

initial guess for the unknown latent state (xA) sequences. In absence of any addi-

tional information, the guess is randomly generated. Next, using the initial guess

and unsupervised data of behavior, the algorithm samples the unknown global

72



Algorithm 4.2: Blocked Gibbs sampler for the Bayesian AMM

Data: N seqs. of (sA, aA)-tuples
Parameters: Partial AMM tuple (S, X, A, T,), and hyper-parameters (a, p)
Result: Samples for rA, Tx, bx, and N seqs. of XA

1 Initialize nA, Tx, bx, and XA randomly
2 repeat
3 Sample initial distribution, Pr (b I XA, data; a)
4 Sample transition model, Pr(T, XA, data; a)
5 Sample policy, Pr(TH XA, data; p)
6 Sample latent states, Pr(xA data, Tx, bx, 7TH)
7 until the desired number of samples are generated

parameters of the AMM. The AMM parameters are then used to sample the la-

tent state sequences. This procedure is repeated iteratively to generate successive

samples, until the desired number of samples are generated.

Sampling of model parameters (7nA, TX, bx), utilizes the counts of inferred la-

tent state sequences XA. For sampling Tx, I define nisaj as the count of transition

from latent state XA = i to latent state x = j for action aA and observed state SA.

Both i and j range from 1 to IXA l. The conditional distribution of Tx is given as:

Tx (| XA, SA, aA) ~ Dirichlet(nxsa. + At). The sampling of initial distribution follows

similarly, and depends on the initial counts of latent states in the data. Condi-

tional distributions for 7TH depend upon the policy prior. Latent state sequences

are sampled using a variant of forward filtering-backward sampling (FFBS) algo-

rithm derived for the AMM.

4.4.3 Variational Inference with Execution Traces

In the variational inference algorithm for iAMM, I utilize direct assignment trunca-

tion to estimate latent state sequences with nonparametric priors. In this approx-

imation, the algorithm requires as input K, i.e., an upper bound on the number

of latent states IX . However, for the Bayesian AMM the number of latent states

IX is known as an input for model learning. Thus, the mean-field variational in-

ference algorithm for parametric, unsupervised AMM learning is obtained as a

special case of Algorithm 4.1, with K = I X I.
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The computation of the local variational factors (Eq. 4.8-4.17) remains identical

to that of learning with nonparametric priors. However, since the Tx-prior is a

Dirichlet distribution (and not a Dirichlet process), the global update equations

(Eq. 4.18) are modified as follows,

Ajsa = arg max £(A; Eq[rg]=(a + Q 7sa)) (4.28)
A

Ajsa - (a + asa) (4.29)

Further, P is absent in the parametric model, alleviating any need to compute its

posterior. Finally, the computation of policy posterior also remains identical to that

of the unsupervised AMM learning with Bayesian nonparametric priors.

4.5 Supervised AMM Learning

For supervised learning of the Bayesian AMM, in addition to the inputs of unsu-

pervised learning, labels of the latent state x are available for the entire behavioral

dataset. The inference of the posterior, given the labels, is simplified and obtained

trivially as a special case of the parametric, unsupervised AMM learning.

For the blocked Gibbs sampler (Algorithm 4.2), due to the availability of la-

bels, the step required for sampling the latent states (line 6) is not required. The

posterior inference of the latent model parameters (bx, Tx, 7T), however, remains

identical. Similarly, for mean-field variational inference, the computation of local

variational factors is unnecessary given the state labels. Thus, a variational infer-

ence algorithm for supervised learning of AMM is obtained by skipping lines 3-5

in Algorithm 4.1, and by specifying the hyper-parameter K = I X 1.

The problem setup of supervised AMM learning is closely related to that of in-

verse reinforcement learning [118, 173]; however, without any assumption of the

agent's rationality. By augmenting the AMM with a generative process for the

policy 7T that depends on a latent random variable corresponding to reward, algo-

rithms for Bayesian inverse reinforcement learning can be derived analogously.
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4.6 Semi-Supervised AMM Learning

The solutions presented so far either assume no or complete knowledge of the

other agent's latent decision factors. However, as motivated in Sec. 2.3, often par-

tial specifications of behavior are available while modeling other agents. In this

section, I provide semi-supervised learning approaches that can incorporate lo-

cal auxiliary inputs, i.e., specifications that are specific to a particular behavioral

dataset. I first discuss the case where the developer specifies labels only for a sub-

set of the behavioral dataset; such an approach is useful, as it can reduce the devel-

oper's labeling effort while specifying human teammate models. Next, I augment

the AMM to enable learning with the change-points.

4.6.1 Learning with Partial Labels

Analogous to supervised AMM learning, an approach for learning with partial

labels can be arrived as a special case of parametric, unsupervised AMM learn-

ing. Here, I consider the case where in addition to the inputs for unsupervised

AMM learning, the developer provides labels for a subset of the execution traces.

The sampling-based and variational inference algorithms, then, can be derived by

computing the posterior only for the unlabeled subset of the execution traces.

4.6.2 Learning with Change-Points

Change-points are a useful source of information as they can help learn the dy-

namics of the latent state, and may be queried even when it is difficult to accurately

quantify the latent state. For instance, while modeling the goal-directed motion of

an agent, the set of all possible goals might be unknown to the developer (i.e., X);

however, the developer may be able to specify change-points of goals for a specific

execution trace. Thus, the change-point information may be available during both

the parametric and nonparametric case of AMM learning.
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Likelihood Model

In contrast to learning with partial labels, learning with change-points requires

modification to the model. I consider the change-point information, when avail-

able, as an additional observation with two levels, 0 and 1, and the likelihood

model ip,

P(ct=1|xt+1=xt> =P(ct=0|Xt+1Xt)= Pc (4.30)

(ct=1|t+1=Xt> =p(ct=0|t+17Xt)= (1 - Pc)

where pc represents the confidence of the domain expert in the provided input. As

depicted in Fig. 4-2, the change-point observation depends on both the current and

next value of the latent state.

Updates to Variational Factors

The overall structure of the semi-supervised algorithm remains identical to that

of Algorithm 4.1; however, the update equations for variational factors are mod-

ified due to the availability of additional observations (i.e., change-points). The

modified message computations and sufficient statistics u are derived as follows:

q(x') = p(X: N, SO:N a:N, N x, , ,Ts, (4.31)

F(tPj) r(xt=j,so:t,ao:t,co:t-1) (4.32)

= (kF(t - 1,k) Tx -TS -)R(t-Ic _1k, j)

B(t,;) _=Pr( st+1:N, at+1:N, ct:N-1 Ixt = , so:t, a0:t) (4.-33)

=kB(t+1,k)Tx(.)Ts(-)Tr(-)P(ct j,k)

QkIsa EtF(t,j)Ts(.)Tx(.)fr(-)B(t+l,k) P(ct 1j,k) /Z

By utilizing the mean-field approximation, given the modified sufficient statistics,

no other changes to the global update equations are necessary.
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Figure 4-2: Change-points as an observation for the latent states of the AMM.

Differences between the Parametric and Nonparametric Case

The change-point information can be available both with or without knowledge of

the latent state space, i.e., both in the the cases of parametric and nonparametric

priors. The approach for incorporating change-point information as novel obser-

vations, discussed above, applies equally to both the cases, with differences only in

the update of global variational factors. The analysis of global variational factors

is discussed in Sec. 4.3.2 for the nonparametric case (i.e., when X is unknown or

partially known) and in Sec. 4.4.3 for the parametric case (i.e., when X is known).

4.7 Hybrid AMM Learning

Thus far, we have discussed approaches for learning an Agent Markov Model with

the partial AMM tuple (S, A, T,), unsupervised behavioral dataset, and

" without any optional inputs (i.e., nonparametric unsupervised learning);

* with only one optional input, namely, the set of latent decision factors X (i.e.,

unsupervised learning with parametric priors);

" with the optional inputs: the latent state space X, partially labeled dataset, and

change-point information (i.e., semi-supervised learning); and

" with labels of latent state for the entire dataset (i.e., supervised learning).

In addition to the optional inputs listed above, the developer might have do-

main knowledge which is not considered for either of these methods - namely,

the final optional input listed in the problem statement, which corresponds to the

partial knowledge of the policy 7r or transition function Tx. For instance, in an as-

sembly task, not only is the set of a human associate's goals (X) known, often the
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(complete or partial) sequence in which the associate accomplishes her goals are

also known. Similarly, for modeling behavior of a human driver, policy in some

states (such as at a traffic signal) may be reliably known but not at other parts of

the road. Since this domain knowledge corresponds to the global parameters of

the generative model, I refer to these partial specifications as global auxiliary in-

puts. In this section, it present a method to incorporate partial knowledge of global

variables during model learning and apply it for learning the AMM.

4.7.1 Challenges

Priors and hyper-parameters provide one avenue for incorporating domain

knowledge regarding global variables in a Bayesian approach. For instance, while

learning the AMM, the knowledge about the other agent's policy and latent state

transition function can be incorporated via the policy priors, p, and the scaling

parameter, a, respectively.

However, the expressivity of the prior is limited, i.e., it is difficult to specify

arbitrary knowledge of the random variable through its prior parameters. Further,

changes to the prior distribution may require manually updating the inference pro-

cedure. This challenge of translating domain knowledge into updates for the infer-

ence procedure is further exacerbated for algorithm-users (such as developers) that

may not be statisticians or researchers. Finally, while performing inference, these

updates may lead to computational challenges (e.g., due to loss of conjugacy).

Example In order to exemplify these challenges, we revisit the case where a de-

veloper is modeling the goal-directed motion of a robot's human teammate. The

human's goal corresponds to the latent state x and position corresponds to the

known state s. Further, there are three possible goals X = {i, j, k} and the hu-

man moves from one goal to the other to complete his task. Based on her domain

knowledge of the human's task, the developer knows that after reaching goal k the

human may choose to remain at goal k or with equal likelihood switch to i or j.
However, the exact transition probabilities are unknown.
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Thus, without loss of generality, we focus on one row of the transition function

o -- Tx (. Ik, s, a) for which the developer knows that two elements i and j are equal.

Note that each row of the transition function is a Multinomial distribution, with a

conjugate Dirichlet prior. The domain knowledge corresponds to Oi 01 O, a con-

straint for the parameters of the Multinomial distribution 0. In this example, given

the domain knowledge, specifying a prior (or even a sampling procedure) for the

row of the transition function Tx is non-trivial for the developer.

Thus, while the local auxiliary input can be included by augmenting the model,

incorporating global auxiliary input as additional observations or by updating the

prior distribution is not straightforward. Further, if the prior distribution of Tx is

modified, update to the inference process are necessary. Therefore, a novel infer-

ence procedure is necessary that can ideally (a) automatically translate the devel-

oper's domain knowledge to an input appropriate for learning, and (b) does not

require manual updates to the inference procedure.

4.7.2 Constrained Variational Inference

Guided by these requirements, I develop constrained variational inference (CVI),

an approach that facilitates translation of the domain knowledge to inputs for

learning and requires minimal updates to the inference procedure. Constrained

variational inference consists of the following steps,

" conversion of domain knowledge to constraints on variational parameters; and

* constrained optimization of variational parameters to infer the posterior.

Converting domain knowledge to constraints

First, the available domain knowledge about a global variable 0 is converted into a

set of constraints for its variational parameter A. Note that the variational param-

eter parameterizes the posterior of the corresponding random variable, i.e., 0 ~ A.

The moments of the posterior distribution are used to derive the constraints, de-

noted as g(A) > 0.
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Constrained optimization for inference

In order to compute the posterior, CVI solves a constrained optimization problem

in which the objective is identical to the evidence lower bound, £, and the con-

straints are derived from the domain knowledge (i.e., g(A) > 0). The constrained

optimization problem is defined as follows,

A arg maxL (A;e) subject to g(A) > 0 (4.34)
A

£ (A;e) (e-A) . VA ln B(A) + In B(A) + const.

where, e is a shorthand for Eq [ig], the expected natural parameter of the complete

conditional distribution of 0. Due to the presence of constraints, the optimization

of the variational parameter is no longer a single-step update (e.g., Eq. 4.18 and

Eq. 4.28); instead a constrained optimizer (such as sequential quadratic program-

ming or augmented Lagrangian method) is required to infer A.

In addition to the constraints and the optimization function described in

Eq. 4.34, algorithms for constrained optimization require the optimization func-

tion, its gradient, and (optionally) its Hessian. While employing CVI for random

variables with posterior distributions in the exponential family, these terms can

be obtained analytically. These analytical expressions for the natural gradient and

natural Hessian are given as follows,

VA£(A;e) = (e-A) (4.35)

©L£(A; e) = -{V2 n B(A)} 1 , (4.36)

where, VA denotes the natural gradient, O2 denotes the natural Hessian, andA

ln B(A) is the log normalizer of the variational distribution.

By incorporating the auxiliary information as constraints over the variational

parameters, the support of the posterior distribution is limited to those regions

of variational parameters A that satisfy the constraints. Thus, CVI functions, in

essence, as a weighted prior that is algorithmically generated given the devel-
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oper's partial specifications. Furthermore, CVI provides an approximate posterior

by limiting the posterior to be in the same family as the prior.

Consequently, a computationally expensive approach that modifies the prior

but sacrifices conjugacy can lead to better estimates. However, such an approach

would required the developer to manually modify the prior and re-design the in-

ference scheme. Instead, by utilizing constrained optimization, CVI leverages the

benefits of conjugacy and allows for approximating the posterior with its conju-

gate distribution. More importantly, it enables developers to utilize their domain

knowledge (available as partial specifications of latent variables) in the learning

process, without requiring them to modify the prior or the learning algorithm.

4.7.3 Application of CVI for AMM Learning

For hybrid AMM learning, I focus on incorporating domain knowledge regarding

the variables {n', Tx}. In general, these global variables of the AMM are described

by a set of Multinomial distributions 0 over action and latent state, respectively.

The conjugate prior and variational distribution for 0 is the Dirichlet distribution,

which is parameterized by variational parameters denoted as A. I provide the

approach for converting domain knowledge to variational constraints for the fol-

lowing abstract types of domain knowledge regarding 0,

C1. the ratio of the i-th and j-th elements of 0 is known, i.e., Oi = b0j, resulting in

the constraint g(A) for the variational parameter, Ai = bAj;

C2. the value of the i-th element of 0 is known, i.e., 0i = b, resulting in the con-

straint g(A) for the variational parameter, Ai = b Ej AJ;

C3. the maximum value of the i-th element of 0 is known, i.e., Oi < b, resulting in

the constraint g(A) for the variational parameter, Ai < b Ej A1; and

C4. the minimum value of the i-th element of 0 is known, i.e., Oi > b, resulting in

the constraint g(A) for the variational parameter, Ai > b Ej A.
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The four abstract types correspond to linear constraints regarding the global

variables of the AMM. Yet, the four abstract constraint types span a variety of

domain knowledge that the developer might have regarding the agent's behav-

ior. For instance, if the developer wants to specify that the agent will not to

choose an action ai in a given decision state (si, xi), she can utilize C2 to encode

T(ai si, xi) = 0. Further, if the developer is not certain but confident to the degree

p, the constraint C3 can be used to specify the degree of uncertainty in the domain

knowledge 7r(ai si, xi) < (1 - p). Similarly, for the transition function Tx, if the

developer wants to specify that the transition to two states xi and xj are equally

likely then the constraint type C1 is useful. For cases where one of the alternatives

is highly likely than the others, then the developers can indicate the likelihood of

that alternative via C4; for instance, while modeling behavior of a human driver,

policy at the traffic signal may be reliably known and can be specified via C4.

Note that the Multinomial distribution is a member of the exponential family

of probability distributions. Thus, the analytical expressions for the objective crite-

rion and its derivatives (Eq. 4.34-4.35) are applicable while performing constrained

optimization of the variational parameter. Due to the mean-field assumption, these

constraints C1 to C4 apply only to a subset of the global update equations - specifi-

cally, to the global parameters A for which domain knowledge is available - and do

not impact the update of local variational factors. Thus, the computationally faster

(unconstrained) variational inference can be used for the remaining parameters for

which no auxiliary input is available.

Finally, as application of CVI to learning AMM does not change the update

of local variational factors, this approach can be merged with all of the previ-

ous presented variants for AMM learning, i.e., parametric and nonparametric as

well as supervised, unsupervised, and semi-supervised. Thus, we have arrived at

the solution to Problem 1, namely: hybrid learning algorithms for recovering the

complete AMM, which can learn from both data and domain expertise. Next, I

summarize related approaches to learning models of other agents and empirically

evaluate the efficacy of the proposed solution.
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4.8 Related Approaches

Section 2.3 provides an overview of various paradigms of learning models of other

agents. In this section, I provide a brief discussion of related research, with focus

on approaches that learn models of sequential processes with explicit modeling of

latent decision factors (or states).

Teh et al. provided an inference algorithm for the iHMM, a Bayesian nonpara-

metric (BNP) hidden Markov model for scenarios in which the latent states are

unknown [147]. Both sampling and variational inference algorithms for several ex-

tensions of iHMM have since been developed [38, 60, 127]. These approaches have

been applied to segmentation and clustering of sequential data; however, they do

not model agent policy or the decision-making process. The proposed approach

to modeling the unknown state space, X, of other agent's behavior is inspired by

these models and includes the explicit dependence of actions on states in order to

model decision-making.

Computational human-robot interaction (HRI) research provides several ex-

amples of employing (variants of) supervised learning and inverse reinforce-

ment learning [173, 118, 77] to estimate humans' policies during sequential tasks

[125, 89, 159] - albeit with the complete specification and labeling of the decision

factors. In contrast, in this chapter, we consider the learning problem when the

state specification or labeling may be unavailable or only partially available. Al-

though not utilized for HRI, BNP extensions of decision-making models, both for

planning [29, 85] and IRL [97, 120, 71], have also been developed.

Nonparametric IRL approaches incorporate execution traces as the input data

and aim to recover the decision-maker's latent state-dependent reward/policy.

They result in better performance than parametric IRL approaches when complete

state specification is unavailable, but aim to maximize accrued reward and do not

seek to recover the true behavioral model. In contrast, the proposed solutions ex-

plicitly models the dependence of latent state transitions upon action and known

states, and includes mechanisms for hybrid learning of the AMM.
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In order to relax the assumption of rationality, AMM directly models policy and

does not, explicitly, represent reward. However, the proposed approach for incor-

porating partial specifications of behavior is general and complementary to prior

IRL approaches. In domains that include near-rational behavior, future extensions

that combine CVI and IRL hold the potential to improve sample complexity.

In their work, Panella and Gmytrasiewicz provided a BNP approach to learn-

ing the PDFC from execution traces. They further used the learned PDFC to de-

fine subintentional interactive POMDPs and generate autonomous agent behavior

during multi-agent tasks. The infinite AMM generalizes the PDFC model repre-

sentation by considering stochastic transition of latent states. Further, to facilitate

model alignment, the presented solution (a) includes a factored state representa-

tion to incorporate available information regarding the known states (S, TS, pS),

and (b) incorporates a mechanism to utilize domain knowledge via CVI.

Recently, approaches that model latent states in sequential behavior using gen-

erative adversarial networks (GANs) and conditional variational autoencoders

(CVAEs) have been developed [83, 132]. By modeling latent states, these ap-

proaches can predict and generate multimodal behavior. However, they require

specification of the number of latent modes and do not model their dynamics. In

contrast, by utilizing BNP priors, the proposed solutions can jointly learn the la-

tent state space and their impact upon an agent's behavior. Another interesting

direction for future work would be to explore the integration of these techniques

with Bayesian nonparametrics.

4.9 Experiments

I conduct numerical experiments to confirm that the proposed approach for hybrid

AMM learning can successfully incorporate partial specification of an agent's be-

havior. Specifically, through the experiments, I measure the ability of the proposed

algorithms to infer the latent states of decision-making and learn models that are

aligned with an agent's true model.
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4.9.1 Methods

Access to the true model and the labels of latent states are necessary for measur-

ing model alignment and validating the learning algorithms. Hence, in the ex-

periments, I utilize simulated scenarios for which the true model was accurately

known: namely, Line World, Highway, and an instantiation of an assembly task.

For each scenario, I first specify the true model as a complete AMM tuple. Us-

ing this tuple, I generate the problem inputs (namely, the partial AMM tuple, exe-

cution traces, labels, change-points, and partial knowledge of model parameters).

I also generate a test dataset (a set of execution traces) to compare the predictive

performance of the learned model. The problem inputs are then used to learn the

missing elements of the AMM and infer the latent state sequences. I conduct ex-

periments both for the parameteric and nonparametric versions of the problem of

modeling other agent's behavior.

First, I present the evaluations for the nonparametric case, using the domains

Line World and Highway. Next, I present the evaluations for the parametric case,

using the assembly task, wherein the number of latent states (i.e., JXI) is known.

In addition to the simulation experiments, for the assembly task, I also conduct

experiments using data from humans. The unsupervised behavioral data from

humans was collected using a motion capture system and divided into training

and test sets. The data was manually labeled to arrive at the ground truth values of

the latent states x and quantify the predictive performance of the learned models.

Metrics

In order to measure the state estimation performance, I utilize the normalized

Hamming distance between the inferred and true state sequences using the

Munkres algorithm [127]. The Munkres algorithm provides a correspondence be-

tween the inferred and true state labels, such that the normalized Hamming dis-

tance is minimized. This correspondence is also used to measure the predictive

performance on the test set and the metrics of model alignment.
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For measuring model alignment, I utilize a metric inspired by the weighted KL

divergence [109]. Specifically, to quantify error in learning the transition probabil-

ities Tx, I first use the Munkres correspondence to match the rows and columns

of the learned t and true Tx, and then compute the KL divergence between each

matched row. Finally, the metric is obtained as an average score weighted by the

relative counts of the input data q described as follows:

wKL(Tx, TX) = Ex,s,aqxsaKL(Tx x, s,a) TX( x, s, a)) (4.37)

Similar procedures are used for measuring the model alignment for the remaining

global variables 7 and bx,

wKL(T, T) =Ex,sxsKL(nT'(. s, a)||7(- Is, a)) (4.38)

wKL (bx, bx) =KL (bx (-|x ()(4.39)

Baselines

The central aim of the evaluations is to assess the ability of the proposed solutions

to incorporate partial specifications of behavior. I hypothesize that by incorpo-

rating successive auxiliary inputs (i.e., labels, change-points, and partial specifi-

cations) the proposed solutions can improve the accuracy of the learned model.

Due to different model structures and input information, however, it is difficult to

compare model alignment performance of AMM learning with related algorithms.

Prior approaches cannot utilize several of the partial specifications, such as, partial

knowledge of Tx and T as well as change-point information. Further, for methods

that do not model latent states several metrics of interest are undefined.

Hence, to validate the ability of the proposed solutions to incorporate different

partial specifications and improve the model accuracy, I compare the performance

of the different variants of AMM learning - namely, (a) unsupervised AMM learn-

ing, (b) semi-supervised AMM learning, (c) hybrid, unsupervised AMM learning,

and (d) hybrid, semi-supervised AMM learning.
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Unsupervised learning serves as a proxy for approaches that exclusively rely

on unsupervised execution traces, while the last version (hybrid, semi-supervised

AMM learning) demonstrates my complete solution to Problem 1. The remaining

versions demonstrate the utility of the proposed solutions for different input set-

tings. Identical priors, hyper-parameters, initialization and termination conditions

are used for all the algorithms. All four variants perform inference using the AMM

model and thus learn the impact of latent states on the agent's behavior.

Further, I compare the performance of the developed algorithms with repre-

sentative approaches from prior art. Variants of supervised learning have been

used to learn human teammate models for HRI [77]; however, they require as an

additional input labels of human's mental states. Labels of human's mental states

can be obtained via manual annotation if the latent decision factors are known,

i.e., the case with parametric priors. Thus, for the parametric case, I utilize su-

pervised AMM learning as the representative approach for prior art. Supervised

AMM learning also models the impact of latent states, but assumes that the latent

state space is known and thus cannot be used for the case of nonparametric priors.

For the nonparametric case, I utilize an oft-used variant of inverse reinforce-

ment learning for learning human models in HRI, namely, Maximum Entropy IRL

(MaxEnt) [173]. Inference of unknown states is not possible using MaxEnt and the

metrics Hamming distance, wKL(Tx, TX) and wKL(bx, b) are undefined. However,

the policy alignment can be quantified using the weighted KL divergence between

the true and learned policies.

Implementation

I implement the AMM learning algorithms as an extension of pyhsmm, a Python

library for approximate unsupervised inference. For CVI, a constrained optimizer

is required to solve the resulting constrained optimization problem; towards this

end, I utilize SLSQP, a sequential least squares programming optimization algo-

rithm as implemented in s cipy [70, 62].
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4.9.2 Partial Specification of Decision Factors

I first discuss the performance for scenarios where the developer has incomplete

knowledge of the other agent's decision factors. This case corresponds to learning

the AMM with nonparametric priors.

Line World

The first evaluation scenario models a simulated agent navigating a one-

dimensional grid of length five. The agent's behavior depends on two decision

factors: position as the known state s and goal as the latent state x. The action

space of the agent includes three actions: left, right and wait. The known transi-

tion dynamics T, are modeled as deterministic. The set of agent goals X include

either ends of the grid. The agent exhibits goal-directed motion, and switches its

goal after reaching the current goal.

The inputs to the learning algorithm include the partial AMM tuple (S, A, T,),

five execution traces (each of length 20), and the auxiliary inputs. Noisy change-

point information for two execution traces with accuracy pe=0.9 serves as the aux-

iliary input for semi-supervised learning. The region of the grid where the agent

did not switch its goal is randomly selected and specified as the global input. Ad-

ditionally, five execution traces are generated as the test set.

The objective of the learning algorithm is to recover the set of goals X, their

switching dynamics Tx and the agent's policy n. Despite the small domain size,

the learning problem is challenging since different model parameters (Tx, 7r) can

generate identical behavior. Further, depending on its goal, the agent can choose

different actions for the same location, and execution traces include cycles.

Explicit modeling of latent state improves learning performance. The results

of the experiments, averaged over twenty-five trials, are summarized in Table 4.2.

Undefined metrics are denoted by '-.' All versions of the AMM learning algo-

rithm result in lower policy alignment error as compared to MaxEnt. Despite iden-
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MaxEnt Unsup. Semi-Sup. Hybrid Hybrid
Unsup. Semi-Sup.

Hamming dist. (train) - 0.51 0.39 0.30 0.13
Hamming dist. (test) - 0.53 0.40 0.30 0.14
wKL (Tx, TX) - 2.01 1.38 0.98 0.43
wKL(7r, 7^r) 1.08 0.77 0.56 0.41 0.19
wKL (b, bx) - 0.85 0.87 0.53 0.51

Table 4.2: State inference and model alignment errors for learning agent models in
the Line World domain.

tical input data, variational inference applied to AMM (i.e., unsupervised learning)

demonstrate better model alignment and could perform state inference. This result

indicates the utility of explicitly modeling the unknowns as part of the AMM and

learning their impact on the agent's behavior.

Hybrid learning outperforms learning with data alone. The complete solution -

hybrid, semi-supervised learning - results in models with better alignment (lower

wKL scores) as compared to the remaining baselines. Along with improved model

alignment, hybrid learning with both global and local inputs (i.e., hybrid semi-

sup. learning) results in lower Hamming distance between the true and inferred

sequences for both the training and test datasets.

Learning with even one partial specification improves model accuracy. Note

that semi-supervised learning has access to local auxiliary inputs (noisy change-

point information for two execution traces) and hybrid, unsupervised learning

has access to the global auxiliary inputs (partial information of Tx). Utilization

of even one auxiliary input - i.e., semi-supervised learning and hybrid, unsuper-

vised learning - improves upon the baseline of unsupervised learning that relies

only on execution traces. This validates that the proposed solutions for learning

the AMM are capable of utilizing auxiliary information when available. Interest-

ingly, while the auxiliary inputs do not include information regarding the agent's

policy, the alignment between the true and learned policy improves by incorpo-
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MaxEnt Unsup. Semi-Sup. Hybrid Hybrid
Unsup. Semi-Sup.

Hamming dist. (train) - 0.56 0.36 0.48 0.35
Hamming dist. (test) - 0.63 0.44 0.55 0.42
wKL(Tx, Tx) - 2.11 1.12 1.03 0.64
wKL(nT, 7T) 1.04 0.48 0.38 0.38 0.33
wKL(bx, bx) - 1.67 1.75 1.50 1.58

Table 4.3: State inference and model alignment errors for learning agent models in
the Highway domain.

rating any one or both of the auxiliary inputs. This improvement in learning is

possible since the proposed approaches for AMM learning perform joint inference

of the agent's model parameters (e.g., Tx and 7T).

Highway Domain

As the second domain, I utilize a modified version of the highway domain [2, 120].

Briefly, in the experiments, this domain models a highway with two lanes and two

shoulders (one on each side), multiple civilian cars, and a police car. The police

car can use the entire road, while the other cars are restricted to the two lanes.

The objective of the learning algorithm is to model the behavior of the police car

(henceforth, referred to as the agent).

The agent drives at a constant speed, which is faster than that of the other cars

on the highway, and can choose to switch lanes at each timestep. The agent's

actions depend on known, observable factors (distance to cars and current lane)

as well as latent states (whether it is driving nominally or pursuing a civilian car).

The agent switches from the nominal driving mode to pursuing a civilian car if two

civilian cars seem to be racing (which the agent determined based on the relative

distances of the cars), and returns to the nominal mode after catching a car. The

learning algorithms have access to the known states of the agent, its action space

and dynamics of the highway domain T,; however, the number of latent states x

and their dynamics Tx are unknown.
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Experiments for the highway domain are conducted in a similar fashion to that

for the line world scenario; however, longer execution traces (each of length forty)

are used for both training and testing datasets. For this domain, the learning algo-

rithms have to reason over a much larger problem with an observable state space

of size 200.

Despite incomplete specification of decision factors, hybrid learning improves

model alignment. The results of the experiments, averaged over twenty-five tri-

als, are summarized in Table 4.3. Similar to the first scenario, the effect of modeling

the unknowns is evident, as all approaches utilizing the iAMM as the underlying

model (including unsupervised learning) result in lower policy alignment error as

compared to MaxEnt. Further, we observe that the proposed algorithms can suc-

cessfully incorporate auxiliary inputs and improve model alignment when one or

both auxiliary inputs are available. Similar performance is observed for the state

decoding and prediction errors (normalized Hamming distance on training and

test data, respectively) when the auxiliary inputs are utilized.

In summary, the results listed in Tables 4.2-4.3 confirm the utility of the pro-

posed algorithms for modeling other agents without complete specification of their

decision factors. In the next set of experiments, I evaluate whether the benefit also

translates to scenarios in which all of the decision factors are known.

4.9.3 Complete Specification of Decision Factors

In applications of human-robot collaboration, there exist scenarios where the de-

cision factors of the human teammate are known based on the task structure or

domain expertise of the robot developer. Such scenarios motivate the use of ap-

proaches for AMM learning with parametric priors. As an example, in this sec-

tion, I utilize an assembly task instantiated in a kitchen environment (henceforth,

referred to as the sandwich preparation task). Through experiments with both syn-

thetic and human data, I evaluate the ability of the proposed algorithms to learn

an AMM describing the human's task-specific behavior.
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Figure 4-3: The analogue kitchen environment used for instantiating the single-

agent assembly task (i.e., the sandwich preparation task).

Sandwich Preparation Task

Specifically, I consider a human tasked with preparing sandwiches in an analogue

kitchen environment. The kitchen environment is depicted in Fig. 4-3. Key land-

marks in the kitchen include: two cooking stations, two wrapping stations, and a

pantry. Preparation of sandwiches requires the human to bring required ingredi-

ents from the pantry (cabinets), make a sandwich by assembling the ingredients

and applying ketchup or mustard sauce (at one of the two cooking stations situ-

ated on the left half of the table), and wrap the sandwich in napkins (at one of the

two wrapping stations on the right half of the table). The task structure is analo-

gous to final assembly tasks in a factory, where the human goes to depots, collects

parts/tools, and assembles them at different locations of interest.

The human needs to make four sandwiches and completely finish preparing

one sandwich before proceeding to the next one. Further, if the human makes a

sandwich with ketchup (placed on far left of the table), he has to wrap the sand-

wich in the red napkin. Similarly, if the human makes a sandwich with mustard

(placed on middle left of the table), he has to wrap the sandwich in the yellow

napkin. Thus, the sandwich recipe requires the human to move between differ-

ent landmarks, subject to domain-specific constraints, and perform temporally-

extended activities (e.g., bring ingredients, wrap sandwich) at the landmarks.
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The developer is interested in modeling the task-specific motion of the human,

so that a collaborative robot may use that model to safely and efficiently collaborate

with the human. The human's task-specific motion depends both on its intent (i.e.,

the activity the human wishes to perform) as well as his current position. The

human's position is observable and, thus, corresponds to the observable decision

factor s. However, the human's intent is a mental state and, thus, corresponds to

the latent decision factor x. While intent is a latent state, the developer can specify

the set of intent (i.e., the latent state space X) using her knowledge of the task.

Thus, the problem of modeling the human's task-specific behavior corresponds to

that of learning the AMM with parametric priors.

Experiments with Synthetic Data

I first utilize a simulated version of the sandwich preparation task to evaluate the

performance of AMM learning with complete specification of the decision factors.

Similar to previous experiments, I create a hand-crafted AMM to describe the be-

havior of the simulated human. The human state is specified as position s E S and

intent x E X. The human action a E A corresponds to his motion primitives. The

human had a total of five intents (i.e., |X = 5) corresponding to the five landmarks

of the kitchen environment: two cooking stations, two wrapping stations, and the

pantry. The states, actions, and the motion kinematics complete the specification

of partial AMM tuple (S, A, X, Ts).

Hand-Crafted AMM The initial distribution bx and dynamics of the latent state

Tx are specified using the task structure (i.e., the human starts at party, the human

goes to one of the cooking stations after the pantry, the human goes to one of the

wrapping stations after the cooking station, and so on) and the duration of each

activity (which is used to compute the probability of self transitions). In order

to arrive at the AMM policy, the simulated human is modeled to follow intent-

driven motion, albeit with bounded rationality. For each intent x, first a rational

policy is generated using a Markov decision process, with high positive reward
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Semi-Sup. HybridSup. Unsup. SSemi-Sup.

Hamming dist. (train) 0.000 0.304 0.009 0.000
Hamming dist. (test) 0.002 0.308 0.010 0.002
wKL(Tx, Tx) 0.011 0.750 0.023 0.014
wKL(r, fr) 0.041 0.717 0.053 0.042
wKL(bx, b) 0.367 1.011 0.368 0.368

Table 4.4: State inference and model alignment errors for learning agent models in
the sandwich preparation task with simulated data.

for completing the intent and a small negative reward otherwise. Next, through

a softmax transformation, the rational policy is converted to the bounded-rational

policy 7n for the AMM. The global AMM parameters (, Tx, bx) coupled with the

partial AMM tuple completely describe the hand-crafted AMM.

Inputs for Learning The inputs to the learning algorithms include the partial

AMM tuple (S, A, X, T,), sixteen execution traces, and the optional inputs. While

generating the execution traces, the simulated human is constrained to finish the

activity corresponding to its intent within a pre-specified time interval. Duration

of each sequence is ~ 200 timesteps. As the set of decision factors is known, la-

bels of latent states can be manually specified. Thus, supervised learning with

explicit modeling of latent state is used as the baseline representing prior art. For

supervised learning, the labels of human's intent are provided for the entire train-

ing dataset (i.e., ~ 3200 labels). In contrast, for semi-supervised learning, labels

of human's intent are provided for only four execution traces (i.e., ~ 800 labels).

For hybrid learning, around twenty high-level inputs describing the task structure

and minimum duration of each activity are used to specify the partial knowledge

of the transition function Tx via the constraints C3 and C4, respectively.

In order to evaluate the predictive performance of learned models, additionally,

sixteen execution traces are generated as the test set. All algorithms, including

supervised learning, explicitly model the human's latent decision factors and use

the Bayesian AMM as the underlying model.
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Developer's labeling effort improves learning performance. The results of the

experiment, averaged over ten trials, are summarized in Table 4.4. Among ap-

proaches that cannot utility high-level domain expertise (i.e., Sup., Unsup., and

Semi-Sup.), we observe that supervised learning performs best, followed by semi-

supervised and unsupervised learning. The result is not surprising; the three ap-

proaches utilize the same underlying representation and supervised learning has

access to the highest number of labels. The result, however, confirms the utility of

the developer's labeling effort for generating teammate models. Further, it demon-

strates that, when decision factors are known and their labels are available, super-

vised AMM learning successfully replicates the paradigm considered in prior art:

learning teammate models from labeled data.

Hybrid learning performs as well as supervised learning despite fewer labels.

Interestingly, despite significantly fewer labels (~ 800 labels), we observe that

hybrid semi-supervised learning performs equally well as supervised learning

(which uses ~ 3200 labels). The result confirms not only the potential of high-

level domain knowledge for improving model learning but also the ability of the

proposed approach for hybrid learning approach to realize this potential. The

paradigm of hybrid learning is, thus, ripe for being utilized for other problems,

including for specifying a collaborative robot's interaction policy. However, before

proceeding to the discussion of a hybrid approach for specifying robot policy in

the next chapter, I present the experiments with human data.

Experiments with Human Data

In the experiments thus far, we have sought to learn the model of simulated agents.

By evaluating the approach in simulation, we have had access to the parameters

of the ground truth model, which enables the validation of the proposed solutions

via computation of metrics of model alignment (i.e., weighted KL divergence). In

order to evaluate the approach for learning human models, next, I conduct exper-

iments with data collected from human subject.
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Sup. Unsup. Hybrid
Semi-Sup.

Hamming dist. (train) 0.000 0.336 0.037
Hamming dist. (test) 0.027 0.341 0.045

Table 4.5: State inference errors for learning agent models in the sandwich prepa-
ration task with human data.

Data Collection A dataset of humans performing the sandwich preparation task

was collected in the analogue kitchen environment shown in Fig. 4-3. The position

of the human's arm was tracked using a motion capture system; consequently,

the human participants were required to wear an LED-glove during the task. The

unsupervised execution traces collected via the motion capture system were man-

ually annotated to obtain the ground truth sequences of the human's intent. The

dataset included twelve training sequences and three test sequences. Since we do

not have access to the true model of human subject's behavior, the metrics of model

alignment cannot be computed for this set of experiments.

Experiments with human data confirm the utility of hybrid learning. The re-

sults of the experiment, averaged over ten trials, are summarized in Table 4.5. The

training error of supervised learning (Sup.) is by definition zero, since it has access

to labels for the entire training dataset. Similar to the experiments with synthetic

data, the utility of both labels and high-level domain knowledge is evident from

the results. Despite significantly fewer labels, the paradigm of hybrid learning

results in near equal performance to that of the supervised approach.

Across the set of experiments, the consistency of state inference errors across

training and test set demonstrate the benefits of using a Bayesian approach. The

Bayesian priors, both in the parametric and nonparametric cases, act as regulariz-

ers and prevent over-fitting of the learned AMM to the training data. Finally, the

joint learning of the latent variables (bx, Tx, 7r, and values of the latent states x)

improves both model alignment and predictive performance even with the help of

one auxiliary input.
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4.10 Discussions

Through the numerical experiments, I demonstrate that the proposed solutions

for model learning are capable of learning AMM tuples that are aligned with an

(human or artificial) agent's true model and that conform to the partial knowledge

of an agent's behavior. Furthermore, as more information of varied types (e.g.,

execution traces, partial labels, noisy change-point sequences, partial knowledge

of model parameters) is provided to the algorithm, the model alignment improves.

This improvement in the agent model is possible despite incomplete specification

of the agent's decision factors.

The ability to incorporate these novel input types enables the use of high-level

information of the agent's behavior during the model learning and specification

process. This approach is made possible through the use of a factored model rep-

resentation (i.e., the Agent Markov Model) and a novel inference paradigm (i.e.,

Constrained Variational Inference). While prior approaches to learning an agent's

model largely rely on either execution traces or label/feature queries, I provide

a hybrid learning approach that can efficiently utilize both data and developer's

domain expertise.

Thus, the solutions presented in this chapter realize effective information transfer

via the paradigm of hybrid learning. The benefits of effective information transfer

are demonstrated for the first problem, i.e., learning models of other agents with

partial specifications of their behavior. In the following chapter, using collabora-

tive versions of the multi-step assembly task, I investigate whether the benefits

of effective information transfer also translate to Problem 2, i.e., for specifying a

collaborative robot's interaction policy.

Future Directions

Existing active learning approaches query a domain expert for additional informa-

tion [135, 21]. However, in these approaches, the developer is typically limited to

providing her domain expertise as additional labels or features.

97



I posit that the development of learning approaches that are both active and

hybrid can further advance effective information sharing between the developer

and the robot. Thus, a promising direction of future work is the development of

active learning approaches, wherein the observer can actively choose to query the

domain expert regarding not only labels but also high-level specifications.

My solution for hybrid learning (namely, CVI) can serve as the building block

for such approaches. For instance, it can enable the active and hybrid learning

algorithm to reason about the potential benefit of different input types beyond

labels (including domain knowledge regarding latent model parameters). Another

related application of hybrid learning includes learning generative models from

data that conform to preferences, available as logical or procedural constraints,

provided by a human user. Both the global and local auxiliary inputs provide

avenues to incorporate preferences in the developed hybrid learning approach.

Our motivation behind learning agent models is to enable effective human-

robot collaboration. The algorithms presented in this chapter can be used both by

a collaborative robot (for learning models of human behavior) and by the human

teammate (to learn transparent models of robot behavior) [58, 170]. In the follow-

ing chapter, I discuss one such application of hybrid learning for specifying the

interaction policy of collaborative robots.

I identify three areas of further improvement of the proposed approach. Firstly,

in the nonparametric case, the proposed approach is limited in that it can learn

the latent states and the AMM tuple, but not the semantic labels or interpretation

of these latent states. I posit that interaction between a human (domain expert

or robot developer) and the learning algorithm will be necessary for incorporat-

ing interpretability in the latent states learned via Bayesian nonparametrics. Sec-

ondly, my approach is limited to a scalar latent state and, thus, utilizes a flat state

representation for the latent state. Lastly, I utilize tabular representations for the

unknown AMM parameters (namely, nTx). Promising future directions include

addressing these limitations through the use of function approximation techniques

and factored latent state representations.
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4.11 Summary

In this chapter, I present solutions towards the problem of learning an agent's true

decision-making model with partial specification of its behavior. In order to for-

malize and address this problem, I utilize a factored representation of sequential

decision-making behavior, the agent Markov model (AMM). I pose the learning

problem as one of Bayesian inference, and provide novel variational inference al-

gorithms for the AMM that can utilize different types of information - including,

sequences of observed behavior, prior knowledge of agent's policy, and partial

specification of agent's state and dynamics. Through numerical experiments, I val-

idate that the proposed solutions are capable of utilizing varied information types

and, consequently, learning models that align with the true behavioral model of

the other agent.
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Chapter 5

Reducing Developer Effort for

Specifying the Interaction Policy

In this chapter, I present a framework that addresses Problem 2, i.e., the generation

of a collaborative robot's interaction policy by utilizing both data and domain exper-

tise. The framework enables the development of collaborative robots that exhibit

two of the characteristics of effective teaming, namely,

o anticipate the teammate's (i.e., the human's) behavior; and

o adapt own (i.e., the robot's) behavior to improve collaboration.

As detailed in Section 2.4, a few approaches for realizing collaborative robots

with these characteristics have been recently developed. However, in practice and

especially for collaborative tasks with large problem sizes, the specification of the

interaction policy remains effort-intensive. In order to enable human-robot collab-

oration at scale, approaches that can accelerate this specification process will prove

to be critical. The proposed framework, thus, is designed to reduce the developer

effort while specifying the interaction policy.

The design of the framework is informed by the opportunity of effective infor-

mation transfer. Specifically, in addition to behavioral data, a robot developer often

has domain knowledge that is difficult to utilize while specifying the interaction

policy. In order to leverage this domain knowledge, encouraged by the perfor-
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mance of hybrid learning for modeling the human teammate, I provide a hybrid

approach to learning a robot's decision-making model.

Along with the specification of a decision-making model, interaction planning

in real-world collaborative tasks is also challenging. The large problem size limits

the use of offline planning techniques, while the limited planning time available

during interaction makes the online computation of robot decisions difficult. In or-

der to enable online robot decision-making, the proposed framework leverages the

factored structure of the decision-making model and state-of-the-art algorithms for

planning under uncertainty.

I begin this chapter with an overview of the proposed framework, followed by

a detailed description of the model specification process and interaction planning.

The framework is then demonstrated on two human-robot collaborative tasks with

state spaces significantly larger than prior art (over 1 million states). Through both

simulation and human-subject experiments, I confirm that the framework can gen-

erate fluent human-robot collaboration with significantly reduced developer effort

and within short planning times (less than a second).

5.1 ADACoRL: Adaptive Collaboration with

Reduced Labeling

In Figure 2-3, I summarize the several paradigms available for specifying a collab-

orative robot's behavior. On the one hand, paradigms that require minimal effort

from the developer (such as RL) require prohibitive amounts of interaction data

(i.e., training time with the human teammate. On the other hand, paradigms that

solely rely on the developer's specification not only result in sub-optimal team-

work but also require prohibitive amounts of developer effort.

Thus, I adopt an interim paradigm, wherein first, the developer specifies a

model and then planning algorithms are used to generate the interaction policy.

In order to reduce the developer effort, a hybrid approach is utilized for specify-
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ing the model. The specification approach is hybrid in that model is learned by

utilizing both behavioral data and the developer's high-level domain knowledge.

Given the decision-making model, the interaction policy is generated using algo-

rithms for planning under uncertainty. I refer to the problem of generating an

interaction policy given the decision-making model as interaction planning.

The model specification and interaction planning paradigm is realized through

a novel framework titled: Adaptive Collaboration with Reduced Learning or,

briefly, ADACORL. By utilizing representation and algorithms tailored for hybrid

model specification, ADACORL can generate fluent teamwork while reducing the

developer effort. By employing online planning algorithms, ADACORL can gen-

erate interaction policies for large problems and during human-robot interaction.

As summarized in Fig. 5-1, ADACoRL includes four steps

* specification of the collaborative task;

" hybrid learning of the human teammate's task-specific behavior;

" analytical computation of the robot's decision-making model; and

" algorithmic generation of the robot's interaction policy.

Briefly, in step 1, the developer specifies a model of the collaborative task. Us-

ing behavioral data and the developer's domain expertise, in step 2, ADACORL

creates a model of the human teammate's task-specific behavior. The requirement

of manual effort (i.e., specifications required from the developer and the training

data required from the teammate) is limited to the first two steps. In step 3, ADA-

CORL analytically creates a decision-making model for the robot using the outputs

of the previous steps (i.e., the task specification and human model). Finally, in step

4, the robot's interaction policy is generated using planning algorithms.

ADACORL includes several features to facilitate rapid prototyping and devel-

opment of collaborative robots, including the use of hybrid learning, encapsulation

of the manual effort to the first two steps, and modularity of task and human mod-

els. In the remainder of this section, I provide an overview of the four steps before

discussing their mathematical details in the subsequent sections.
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Step 1: Specification of the task model

Ao
Developer

domain
expertise

Task Model
(MMDP)

Step 2: Hybrid learning of the human teammate model

Teammate

A
Developer

unsupervised
data (and labels)

Hybrid Human Model
Learning (AMM)

domain expertise
and labels

Step 3: Analytical computation of the robot's decision-making model

Task Model
(MMDP)

Analytical Robot Model
Computation (POMDP)

Human Model
(AMM)

Step 4: Algorithmic generation of the interaction policy

Robot Model Online
(POMDP) Planning

J

Robot's
Interaction Policy

Figure 5-1: ADACORL: A hybrid framework for generating a robot's interaction
policy for a human-robot collaborative task.
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Step 1: Specification of the Task Model

ADACORL enables developers to design the behavior of a collaborative robot for a

specific collaborative task. Thus, the framework implicitly requires the developer

to have complete knowledge of the constraints and objectives of the task. In step

1, the developer specifies the rules and the objective of the collaborative task via a

mathematical model. While the task is known to the developer, the choice of the

model representation is critical to facilitating model specification.

Thus, ADACoRL utilizes the framework of multi-agent Markov decision pro-

cesses (MMDP) [106] with a factored representation of the state and transition

model. Due to the factored nature of the model, the developer can specify the

rules and the objective of the task as well as the dynamics of the human and robot

in a modular fashion.

Step 2: Hybrid Learning of the Human Model

A model of human behavior is required to predict human states and actions and

suitably select robot actions. While a developer has complete knowledge of the

task for which she is designing the collaborative robot, she might only have a par-

tial understanding of how the human behaves during the task. Thus, algorithmic

approaches that learn models of human behavior from interaction data have been

previously developed. However, making matters challenging, human teammate's

behavior depends on mental states (such as goal, trust, workload, and attention)

that are both difficult to quantify and measure. Hence, as detailed in Section 2.3,

prior approaches require the developer to annotate behavioral data with labels of

the mental states.

In order to reduce the effort required for labeling behavioral data, ADACORL

leverages the hybrid learning algorithms developed in the previous chapter to gen-

erate models of human behavior. Consequently, the Agent Markov Model (AMM)

is used to represent the task-specific behavior of the human teammate.
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Step 3: Computation of Robot's Decision-Making Model

During the collaborative task, both the human and the robot have autonomy over

their actions. The human does not dictate the robot's behavior and, conversely, the

robot can only control its own actions and not that of the human. In order to solve

for a policy that only specifies robot actions, thus, ADACORL requires a single-

agent model of decision-making that only depends on robot actions. However,

the multi-agent model of the collaborative task depends on the actions of both the

human and the robot.

In the third step, ADACORL analytically computes the required single-agent

model using the task and teammate model. Motivated by the presence of latent

states that impact the human teammate's behavior, ADACORL utilizes the repre-

sentation of partially observable Markov decision processes (POMDPs) [106] as the

robot's decision-making model.

Step 4: Generation of Robot's Behavior (Interaction Policy)

Given the robot's decision-making model, the interaction policy is generated using

a variant of the R-DESPOT algorithm, a state-of-the-art anytime online POMDP

solver [1711. The time to plan the robot's behavior during human-robot collabora-

tion is relatively short (often less than a second). An alternative is to utilize offline

POMDP solvers, which precompute the robot policy before task execution. How-

ever, for problems with large state and action spaces, the applicability of offline

solvers may be limited due to memory and computation requirements.

Hence, ADACORL utilizes an online solver, wherein decision-making is inter-

leaved with task execution. In order to enable decision-making despite the short

planning time, the online solver utilizes a precomputed but suboptimal default

policy and an upper bound on the collaborative performance. Both the default

policy and the upper bound are computed algorithmically prior to task execution.

Further, since the default policy can be suboptimal, its computation is significantly

faster than the computation of the interaction policy via an offline POMDP solver.
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5.2 Specification of the Collaborative Task

In ADACoRL, the generation of interaction policy begins with the specification of

the human-robot collaborative task of interest. In the following description, the

task specification refers to the rules and the objective of the task (i.e., a specifica-

tion of what the team is to do). Importantly, the specification does not prescribe a

policy (i.e., how should the human and the robot act to complete the task). In this

section, I detail the representation to be used by the developer for specifying the

collaborative task.

5.2.1 Multi-Agent Model of the Collaborative Task

As described in Section 3.1.2, this dissertation focuses on collaborative scenarios

that can be represented using Markovian models. Specifically, the general model

of human-robot collaboration is described as a factored variant of the decentralized

POMDP. While addressing Problem 2, 1 limit the scope to problems where both the

human and the robot have full observability of the task state. The full observability

results in reducing the task model from a decentralized POMDP to a multi-agent

Markov decision process.

I reproduce the task model from Section 3.1.2, with the additional feature of full

state observability, as follows:

• S SH X SR X SE denotes the set of states (s) of the collaborative task. The model

uses a factored representation where s - (SH, SR, SE), in which SH E SH and SR E

SR correspond to human- and robot-specific features, respectively, and SE E SE

denotes additional features describing the task structure and the environment;

• A = AH x AR denotes the set of joint actions a - (aH, aR). AH and AR denote the

action space of the human and the robot, respectively. The actions of agents can

be temporally-extended (i.e., macro actions). While the actions are represented

as joint actions it does not prevent the agents from making decisions and acting

autonomously - a necessary feature for modeling human-robot teams;
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* The state dynamics are assumed to be Markovian and are governed by the tran-

sition function T(s' s, a) : S x A x S -+ [0,1]. The transition function is assumed

to have the following structure, T(s s, a) = TH (s H s, a) - TR (sR s, a) - TE (s'E s, a),

where TH, TR, TE are transition functions for the state factors;

" The team receives a shared reward at each step, R(s, a) : S x A - R;

" Both the agents, human and robot, have full observability of the state s.

• 7 c [0, 1] denotes the discount factor; and

" (optionally) tf E Z+ denotes the time horizon of the problem.

The objective of the human-robot team is to maximize the expected cumulative

discounted reward. In addition to full observability of the MMDP state, ADA-

CoRL assumes that the developer can accurately specify the parameters of the

MMDP task model (S, A, T, R, 7).

5.2.2 Mapping Domain Expertise to Model Parameters

While utilizing ADACoRL, the MMDP parameters enable the developer to encode

their domain expertise regarding the rules and the objective of the task. Specifi-

cally, the developer's knowledge maps to the MMDP parameters as follows:

" team's objective as the shared reward R;

" human-specific features via the state components sH E SH;

" robot-specific features via the state components SR E SR;

" task- and environment-specific features via the state component SE E SE;

" abilities of the human and robot via the joint action a = (aH, aR) E A;

" dynamics and constraints of the human-specific feature via the corresponding

component of the transition model TH;

" dynamics and constraints of the robot-specific feature via the corresponding

component of the transition model TR;

• dynamics and constraints of the environment as well as the rules of the task via

the the transition model of SE, i.e., TE; and

• (optionally) time horizon of the collaborative scenario via tj.
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Implications of a Modular and Factorized Model

The modular nature of the MMDP tuple (S, A, T, R), the factored structure of the

MMDP state (s), and the factorization of the transition model (T = TH ' TR - TE)

are especially useful during the model specification process. For instance, since

the same robot model (SR, TR) can be reused for different humans, the factored

structure facilitates personalization of robot behavior to different humans. Simi-

larly, transferring the specification for a human-robot team to a new task requires

modification primarily to the task-specific features SE. Moreover, if the environ-

ment and team remain identical but the task's objective changes, only the reward

function of the MMDP needs to be re-specified.

Thus, the task representation used by ADACoRL facilitates rapid prototyping

and implementation while transferring the specification between tasks, environ-

ments, or agents. On the flip side, the framework is limited in application to col-

laborative tasks that can be suitably described with a Markovian representation

and exhibit the factored structure of the transition model. However, as elaborated

in Chapter 3, several real-world scenarios of human-robot collaboration across a

variety of domains (e.g., manufacturing, service robotics, and disaster response)

satisfy these requirements.

5.2.3 Examples of Task Specification

In order to demonstrate the specification process, next, I discuss the task speci-

fication for two human-robot collaborative scenarios. The scenarios model two

canonical human-robot collaboration tasks, namely, shared workspace and han-

dover tasks. While these canonical tasks are general with instantiations in many

domains, in these discussions, I situate them in a kitchen environment. Specifi-

cally, I utilize the kitchen environment considered in the experiments presented in

the previous chapter. As we will see through these examples, the specification of

the task model does not require the robot developer to reason about the human

teammate's behavior.
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Figure 5-2: A human-robot team preparing meals in a shared workspace.

Example 1: Shared Workspace Task

Consider a human-robot team assigned to prepare several meals in a kitchen. In

the current example, one meal consists of a sandwich and a beverage. The kitchen

environment, depicted in Figure 5-2, includes two cooking stations, two wrapping

stations, four cups, and a pantry. The cups, cooking stations, and wrapping sta-

tions are all located on a table accessible to both the human and the robot. The

pantry includes the ingredients required to prepare the sandwich but is accessible

only to the human. The objective of the human-robot team is to prepare four meals

as soon as possible while safely sharing space with each other.

Due to their complementary abilities, the dexterous human is tasked with

preparing the sandwich, and the robot is tasked with pouring beverages in the

cups. Sandwich preparation requires the human to pick up ingredients from the

pantry, assemble them at one of the cooking stations, and then wrap the sandwich

at one of the wrapping stations. The robot begins the task with a beverage in its

hand and has to pour it in each of the four cups. While each teammate has been

allocated a specific component of the task, the teammates have significant flexi-

bility in performing the task. For example, while preparing the four sandwiches,

the human teammate can choose the order in which to make them. Similarly, the

robot can decide the order in which to fill the cups with beverages. Further, while

preparing meals, both the human and the robot are free to choose their motion.
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As the human-robot team is working in a shared workspace (the kitchen table),

they need to coordinate their decisions in order to complete the task safely and

efficiently. For instance, due to space constraints, the robot cannot pour a bever-

age in a cup while the human is working in an adjacent area (i.e., at a cooking

station or wrapping station located next to the cup). Further, in order to preserve

safety, the robot is programmed to stop if its distance to the human is less than a

developer-specified safety radius. Thus, to complete the task efficiently and safely,

the human and robot need to utilize the flexibility available in task execution and

motion selection. This task is referred to as the shared workspace task [52].

Having described the collaborative task, I next exemplify how a developer can

map these specifications to the parameters of the task model,

" For the safe and efficient sharing of space, the position of both the human and the

robot are pertinent features for collaboration. The developer can encode these

features via the appropriate state components - specifically, human's position

via the state component sH E SH and the robot's position via the state compo-

nent SR E SR. Depending on the desired modeling detail, the position can be

represented by in a Cartesian space (e.g., position of the end effector) or in the

configuration space (e.g., joint angles of the robot).

" The task requires the human and the robot to visit multiple landmarks of interest

(pantry, cooking station, wrapping station, and cups) and to perform temporally

extended sub-tasks (such as make a sandwich, wrap a sandwich, pour a drink)

at the landmarks. Thus, in addition to the position of the teammates, which and

how many meals have been prepared are important to monitor task completion.

The progress of the sequential task is encoded via SE E SE.

* Action space, A - AH x AR, of the task model corresponds to the set of decisions

available to the team for changing the state s. For the shared workspace task,

where coordination of both the motion and the sub-tasks is important, the action

space of each teammate (i.e., AN and AR) can include their motion primitives

(e.g., joint angle increments in the configuration space) and macro actions (e.g.,

temporally-extended options, such as pour a drink).
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" Having specified the state and action features, the specification of the factors of

the transition model is straightforward. The transition models for positional fea-

tures of the human and robot, TH and TR, correspond to the motion dynamics

of respective agents. The motion dynamics depend on the physical capabili-

ties (e.g., maximum velocity, acceleration, joint limits) of the agents as well as

the static obstacles in the shared workspace. The transition model of features

describing task progress, TE, corresponds to an enumeration of potential ways

(task-level recipes) to complete the task. In order to synchronize and enable

planning of joint actions, transition models are specified such that the transition

of each factor of the state occurs at the same temporal frequency.

" Finally, the reward function, R, is used to specify the desired collaborative be-

havior. In order to encode efficiency, the team receives a negative reward at each

timestep until task completion. Further, in order to emphasize safety, the reward

penalizes human-robot collisions.

Example 2: Handover Task

In the first example, we observe the specification process of the task for a scenario

in which the human and robot had to coordinate their decisions (i.e., the joint ac-

tions) to safely and efficiently share space. Next, I present a scenario where the

human and robot have to work together to complete a sequential assembly. Al-

though such collaborative assembly tasks are found across domains (cf. Sec. 3.1.3),

I continue to instantiate the examples in the kitchen environment.

The human teammate is tasked with making four sandwiches by bringing in-

gredients from one of the pantries. However, one of the ingredients is missing.

The robot, however, has access to the missing ingredients. In order to complete the

sandwich preparation, the robot has to handover the missing ingredient to the hu-

man. In contrast to the shared workspace task, the robot is not tasked with pouring

beverages in this task, and the human does not need to wrap the sandwiches. The

robot needs to predict when and where the human will be to effectively perform

the handover and successfully accomplish the collaborative task.
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Figure 5-3: The robot delivering the required ingredient to its human teammate.

I refer to this task as the handover task [52]. A still from the handover task,

where the robot is delivering the required ingredient to the human teammate, is

shown in Figure 5-3. Having described the collaborative task, let us discuss how

the developer's domain expertise maps to the parameters of the task model,

" There are several similarities between the handover and the shared workspace

tasks, including the kitchen environment, the capabilities of the human, and the

motion dynamics of the robot. The modular nature of the task model enables

the developer to leverage these similarities in the model specification process.

" For instance, the state components sH and SR still specify the posi-

tion/configuration of the human and robot, respectively. Similarly, the state

component SE specifies the progress of the collaborative handover task. The

action space, similar to the shared workspace task, encodes motion primitives

and task-specific macro actions (i.e., perform a handover). Further, the structure

of the transition model remains identical to that of the shared workspace task.

" However, since the task objective of the handover task is different than that of the

shared workspace task, the reward function R needs to be modified. The team

accrues a positive reward at each time a successful handover is completed. In or-

der to encode safety, the team receives a negative reward when the human-robot

distance is below a pre-specified safety radius. Finally, to emphasize efficiency,

the team receives a negative reward at each timestep until task completion.
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While specifying the two tasks, we observe that the ability to reuse part of the

model significantly reduces the specification and programming effort. This ability

is especially useful in real-world applications where a collaborative robot might

have to be frequently re-purposed for different tasks, e.g., in small- and medium-

sized enterprises and homes.

5.2.4 Solving the MMDP: Human-Robot Team Policy

Given the specification of the collaborative task as an MMDP, planning algorithms

can be used for solving the MMDP and, consequently, generating a joint policy for

the human-robot team [106]. However, the utility of this joint MMDP policy is

limited for human-robot collaboration. Firstly, this paradigm requires the human

to memorize and follow the joint policy in lockstep with the robot. Secondly, it

limits the autonomy of the human and prevents them from exercising their pref-

erences during task execution. Moreover, in tasks with multiple optimal policies,

decentralized execution of a joint policy is challenging even for multi-robot sys-

tems [15]. Thus, approaches that enable a robot to coordinate its actions with the

human, without limiting human autonomy, are necessary.

5.3 Model for Human's Decision-Making

For successfully collaborating with humans while preserving their autonomy, the

robot needs the capability to anticipate and adapt to their behavior. Thus, in its

second step, ADACORL utilizes hybrid learning to develop a model of the human

teammate's task-specific behavior. As inputs for learning the human teammate

model, ADACORL requires unsupervised behavioral data, labels of human team-

mate's mental states, and (optionally) domain expertise regarding human team-

mate's behavior. Modeling approaches that can effectively utilize the domain ex-

pertise are especially desirable, as they can reduce the sample complexity (i.e., the

amount of behavioral data required for learning) and developer's labeling effort.
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5.3.1 Agent Markov Model

Chapter 4 focuses on the problem of learning behavioral models of other agents

that are performing sequential tasks. Recognizing that the human teammate can

be viewed as the other agent, ADACORL builds upon the solutions developed in the

previous chapter to learn a model of the human teammate. Consequently, when

utilizing ADACORL, human behavior is represented using the Agent Markov

Model (AMM). This section begins with a brief summary of the AMM, which is

detailed in Chapter 4. Next, we discuss its application to modeling the human

teammate, with emphasis on specifying domain knowledge regarding human be-

havior in the model learning process.

Briefly, the AMM models the sequential decision-making behavior of an agent

with both observable SA and latent XA decision factors.1 The latent decision factors

XA model the mental or unobservable decision factors of the agent. The agent's ac-

tion selection is quantified by the agent's policy TA (aA XA, SA). The initial value of

the mental state is characterized by the probability distribution bz(XA). The transi-

tion dynamics of the decision factors are modeled as Markovian with the following

factored structure: T(s',X' ISA,XA,aA ) = Ts (s SA,aA) - TX i ISA,XA,aA ), i.e., the

mental states impact the observable states only via actions. In summary, the AMM

is parametrized by the tuple (XA, SA, AA, bx, Tx, Ts, 7TA) and is depicted in Fig. 4-1.

5.3.2 Modeling the Human via Hybrid AMM Learning

Due to its focus on specifying robot policy for a particular collaborative task, ADA-

CoRL models the task-specific behavior of the human teammate. During the task,

which is specified as an MMDP, the decisions available to the human teammate

correspond to her actions (i.e., aH E AH). Thus, the task-specific behavior corre-

sponds to a predictive model of the human teammate's actions (or decisions).

1 A Note on Notation used in Chapters 4-5: For ease of exposition, the AMM variables in Chap-
ter 4 do not include a subscript. However, to avoid ambiguity between the state variables of the task
model, human model, and robot model, I resume describing the AMM variables with the subscript
A. Further, the variable A is overloaded. If used as subscript, it denotes AMM-specific variables.
Else, it denotes the joint action space.
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An essential component of such a predictive model is the human's decision-

making policy 7TH, i.e., a (potentially stochastic) function specifying the human's

next action. The human's policy may depend on a variety of factors, including

task-specific features (given by the task MMDP state s), robot's behavior, and hu-

man's mental states (such as intent, subgoals, trust). The AMM provides a mech-

anism to represent all of these variables of interest, i.e., the human's policy, the set

of human's actions/decisions, and the set of human's decision factors.

Known AMM Parameters

The action space of the AMM is readily available from the task model, i.e.,

AA = AH. In order to ease the specification and model learning process, the

AMM classifies the decision factors among two sets: observable and latent. In

general, ADACoRL requires the developer to specify the observable decision fac-

tor SA - g(s, aR) as a function of the MMDP state and robot action, resulting in

SA C S x AR. The function g is an arbitrary function, which provides the devel-

oper flexibility while specifying observable features impacting human behavior.

As the observable decision factors and decisions are obtained from the task model,

the developer can also leverage the transition function of the task model to specify

the transition function of the AMM's observable decision factors Ts (s' IsA, aA).

In this chapter, I limit the scope to scenarios where SA = sH, i.e., I assume

that the human's decisions depend only on the human-specific feature of the task

model sH and unobservable mental states XA. Within this scope, the specification

of Ts is readily available from the task model due to its factored nature. Specif-

ically, Ts(s' lSA,aA) = TH(SHJ sH,aH). Thus, given the task model and the case

where SA = SH, three parameters of the AMM tuple (SA, AA, Ts) are known a pri-

ori without any additional specification from the developer.

Inclusion of additional task features or robot actions as part of the observable

decision factors would require the developer to specify the transition function Ts.

In the following chapter, I provide one such extension where the known decision

factors, in addition to sH, include robot's communications.
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Specification of Latent Decision Factors

The variable XA enables the developer to specify latent features (i.e., mental states)

that affect human behavior. For instance, the latent features can be used to cap-

ture the robot's influence on human behavior through constructs such as trust,

adaptability, and compliance. In the example tasks, an important latent feature is

human's intent (or subgoal), i.e., the landmark that the human intends to visit next

(e.g., cooking station, wrapping station, or pantry). Other examples of latent fea-

tures include cognitive measures such as attention, workload, fatigue, and stress.

Similar to the previous chapter, I limit the scope to teammate models with only

one latent feature impacting human behavior, i.e., XA is both discrete and scalar.

In addition to the decision factors (or AMM states SA, XA), ADACORL also

requires knowledge of the set of the decision factors (or AMM state spaces SA, XA).

The state space of known decision factors is readily available from the task model,

i.e., SA = S. However, to enable parametric AMM learning, the developer needs

to specify the set of latent decision factors XA. In applications where the latent

state represents the human's subgoal, this input corresponds to the specification

of the number of goals. Similarly, if the latent state represents trust, this input

corresponds to the number of discrete levels used to model and quantify trust.

Inputs for Learning the Human Model

Given the task specification, ADACORL requires only one additional specifi-

cation (namely, XA) from the developer to enable parametric AMM learning

(XA, SA, AA, T,). In addition to these parameters, ADACORL assumes access to

an unsupervised dataset of human behavior, i.e., N sequences of (SA, aA)-tuples.

The developer, optionally, can provide labels of the latent state (i.e., M labels of

XA) and partial specifications (i.e., estimates of some elements) of the human's pol-

icy and latent state dynamics. In practice, providing labels of the latent states

is effort-intensive for the developer and may require extensive instrumentation.

Thus, approaches that can minimize the labeling requirement are desired.
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Hybrid AMM Learning

Given the partial AMM tuple and inputs for learning, the latent parameters of the

AMM (i.e., bx, Tx, WA) can be learned using algorithms for hybrid AMM learning.

As observed in Chapter 4, despite significantly fewer labels, hybrid AMM learning

can generate models of other agents (AMMs) that have near-equal accuracy to that

of a fully supervised learning approach.

The encouraging performance of hybrid AMM learning is made possible by

the use of constrained variational inference (CVI), which enables the use of partial

specification of the human's policy and latent state dynamics during the learning

process. For application of hybrid AMM learning to ADACoRL, I consider the

following types of partial specifications about latent state dynamics that a robot

developer could provide,

PS1 ) transitions from XA = i to XA E X, are not possible,

where the developer specifies i and X,;

PS2 ) transitions from XA = i to XA E {j, k} are equally likely,

where the developer specifies j, k;

PS3 ) minimum time ti spent in the state XA - i,

where the developer specifies i and ti; and

PS4) the subset of features from the set {SA, aA, XA

that impact the latent state transition.

These specifications enable the developer to provide partial specifications re-

garding the dynamics of the human's mental states. For instance, consider the

case where the robot developer models XA as the human teammate's subgoal (or

intent) and has knowledge of the possible or likely subgoal sequences. If subgoal

j is not possible after the subgoal i, this information can be specified via the first

type of partial specification PS1 . Similarly, if any information is available about

the duration of an activity i, it can be specified via PS3. PS1- 3 incorporate the

developer's domain expertise specific to a single state.
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For hybrid AMM learning, the partial specifications PS 1- 3 need to be converted

to constraints over the variational parameters. 2 The specification PSI provides an

upper bound on a few elements of the transition function and, thus, can be spec-

ified as the constraint type C1. Similarly, PS 2 and PS 3 correspond to the equality

and lower bound constraints, C2 and C3, respectively. Finally, PS4 enables the

developer to perform feature selection while modeling the dynamics of human

behavior.

5.3.3 Specification Steps of ADACoRL

The first two steps of ADACORL, described thus far, correspond to the specifica-

tion process of ADACORL. They require the robot developer to specify the task

model (MMDP), and the set of human's latent decision factors (XA E XA). Using

data of human's task-specific behavior, the framework then algorithmically learns

a model of human decision-making (AMM). It seeks to further reduce the devel-

oper's labeling effort by utilizing available domain expertise through a novel algo-

rithm for hybrid learning. The final two steps, described next, do not require any

developer involvement and algorithmically generate the robot's decision-making

model (POMDP) and policy (7TR).

5.4 Model for Robot's Decision-Making

For successful collaboration, the robot needs to make decisions to maximize the

team's objective. While the task performance depends on both the agents, the

robot has autonomy only over its own actions. Thus, from the robot's perspective,

the problem of interaction planning is viewed as a single-agent decision-making

problem (cf. [58, 104, 125, 96]). Here, as the third step of ADACORL, I provide the

approach to arrive at this model. Following prior research [58, 104, 20], I model the

robot's decision-making using a single-agent POMDP [63].

2The constraint types C1 - C4 considered for hybrid AMM learning are described in Sec. 4.7
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I denote the model parameters using the subscript c (for collaboration).

State Space The state of the decision-making model is denoted as se (s, XH),

which is obtained by augmenting the MMDP state (s) with the human's latent

decision factors (denoted by XH - XH). The human teammate's latent decision

factors are available from the human model, i.e., xH = XA and XH = XA. The

latent decision factors cannot be sensed during the interaction. I reiterate that, in

contrast to the POMDP state, the MMDP state includes observable features of the

human (such as position) but not the latent states (such as intent or subgoal).

Action Space Ac = AR denotes the action space of the robot. The action space

is readily available from the task specification. Only the robot's action space is

considered for the single-agent model of decision-making.

Transition Model Tc(s'| s, aR) : Sc x AR x Sc -> [0,1] denotes the transition dy-

namics. The transition model only depends on the robot action. It models the

effect of robot action on the collaborative task and the human teammate's task ex-

ecution (via their effect on human's latent state). The transition model is derived

from the task specification as follows,

Tc(s' s,aR) Tc (s,xH S,XH,aR) (5.1)

Tes(s'|S,XH,aR)Tcx(XH S,XH,aR) (5.2)

Tes(s' S,xH,aR) LaHAHT(s,aH S,XH,aR) (5.3)

=aWEAH T(s' s,aR,aH)Pr(aHIs,XH,aR) (5.4)

Tex(xHI S,XH,aR) =aHcAH T(X aHIS,XH,aR) (5.5)

LaHEAHPr(xH s,XH,aR,aH)Pr(aH s,XH,aR) (5.6)

ADACORL assumes that the transition model is factored (Eq. 5.2). Further, the

human's latent decision factor XH impacts the task only through human's ac-

tions, i.e., T(s' s, XH, aR, aH) = T(s' s,aR, aH). Intuitively, this second assumption
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of conditional independence models the fact that the human teammate's men-

tal state can affect the task only via her actions. The term T(s'js, aR, aH) is the

transition function of the task and, thus, is known based on the task specifica-

tion. In addition, the probability distributions corresponding to human's decision-

making policy Pr(aHjs,XH,aR) and latent state dynamics Pr(x' ls,XH,aR,aH)
are required to define the POMDP transition model. These terms, how-

ever, are learned in the second step of ADACORL and, thus, are also read-

ily available for analytically computing the transition model using Eqs. 5.1-

5.6. Specifically, through hybrid AMM learning, ADACORL has access to the

human's policy, Pr(aHjS,xH,aR) 7TA(aA XA,aA), and latent state dynamics,

Pr(x |s,xH,aR,aH) Tx(x' sA,XA,aA)-

Reward Similar to the transition model, the reward function Re(se, aR) for the

POMDP is obtained by combining the task specification and the human model,

Re(se, aR) = Re(s,XH,aR) = EaHEAHR(s,aH, aR)Pr(aHjs,XH, aR) (5.7)

where, the shared reward R(s, aH, aR) is known based on the MMDP.

Observation Space and Model The task state s E S is modeled as observable,

while xH E XH is unobservable. The observation function models mixed observ-

ability, i.e., s is modeled as observable while XH as unobservable.

The discount factor (as well as, if available, the time horizon) are identical

to that of the MMDP. The above analysis describes the generation of the robot's

decision-making model from the task specification (MMDP) and a model of hu-

man behavior (AMM). In addition to the modularity of the task model, the com-

putation of robot's decision-making model is also modular. Specifically, the same

human model can be utilized for different tasks, and vice-versa. This feature of

ADACoRL facilitates personalizing the behavior of collaborative robots and is es-

pecially useful in domains where the collaborative robot needs to interact with

multiple humans.
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5.5 Algorithm for Robot's Decision-Making

Having completed the specification of the robot's decision-making model, in the

final step of the framework, we discuss ADACORL's approach to interaction plan-

ning. Given the robot's decision-making model, existing POMDP solvers can be

used to arrive at the robot's interaction policy, nTR, which maps robot's belief about

the state (s, XH) to its actions (aR). In prior human-robot collaboration research,

different algorithms have been used to generate POMDP policies, including of-

fline solvers [102] and hindsight optimization [58]. In order to reason about prob-

lems with large state spaces and short planning times, ADACORL leverages the

R-DESPOT algorithm, an online POMDP solver, for interaction planning [1711.

5.5.1 Regularized DESPOT

The Regularized DESPOT (or R-DESPOT) is an anytime online algorithm for solv-

ing POMDPs. By reasoning at execution-time, it can generate policies for problems

with large state spaces, for which offline solvers may have memory bottlenecks.

The anytime property of R-DESPOT is also desirable for interaction planning, as

the planning time available during interaction is limited. Using the canonical equa-

tions of belief update and robot's sensory information, the algorithm maintains a

belief b(se) over the POMDP state. In order to identify the best action a* given

robot's belief, R-DESPOT performs forward simulations using the POMDP model

and creates a sparse approximation of the belief tree through heuristic search.

Default Policy and Value Bounds In order to perform the heuristic search within

a short planning time, the R-DESPOT additionally requires a default policy TURO

and approximate bounds on the value of a belief. For pre-computation of these

inputs, ADACORL first arrives at a MDP corresponding to the robot's POMDP by

assuming that the states are fully observable. Next, an optimal policy of this MDP,

denoted as TRMDP(aR sc), is computed using value and policy iteration. Note that

the MDP policy maps states, as opposed to belief, to the actions.
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Following Ye et al. [171], ADACoRL uses the mode-MDP policy to obtain

the default POMDP policy (which maps beliefs to actions) from the MDP policy,

i.e.,TRo(b) = 7TR,MDP (aR Sc*), where s* = arg mascESc b(sc). The value of the MDP

policy is used as the upper bound value for the state. The upper bound value for a

belief is computed as the expectation of the MDP value under the belief, while the

lower bound value is computed at planning time using forward simulations.

5.5.2 Interleaving Planning and Execution

During interaction, the outcome of the robot's action and the corresponding obser-

vation is received a timestep after the robot selects its action. Thus, to interleave

planning and execution, ADACORL uses a variant of the R-DESPOT algorithm

with modification in the belief tree construction and action selection.

While creating the sparse belief tree, R-DESPOT uses all of the available actions

to expand the root belief node. In contrast, ADACORL only includes the previ-

ously selected action to expand the root node, as the action at the root node is

known. At the end of planning time, when a new observation is received, ADA-

CORL performs action selection using the constructed tree. It first identifies the

child of the root node that has support for the new observation, and use the best

action of this child node as the robot's action.

By interleaving planning and execution, this variant of the R-DESPOT algo-

rithm is capable of making decisions during the execution of the collaborative task.

As we discuss next, consequently, ADACORL can generate fluent human-robot

collaboration despite the short planning times available during interaction.

5.6 Experiments

I evaluate the performance of ADACORL's model specification approach using

two collaborative tasks, both with state spaces significantly larger than prior art. I

conduct experiments both in simulation and with human participants.
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I hypothesize that the hybrid learning approach of ADACORL, despite fewer

number of inputs, can generate robot behavior that accrues equal or higher reward

as compared to a supervised approach in human-robot collaborative tasks.

5.6.1 Human-Robot Collaboration Scenarios

As the two collaborative tasks, I utilize the shared workspace and human-robot

handover tasks described in Sec. 5.2. Briefly, in both the tasks, the human is bring-

ing ingredients from one or more cabinets (pantries) and making sandwiches on

an analogue kitchen table with multiple cooking and/or wrapping stations.

Shared workspace task The shared workspace task includes one cabinet, and the

human performs the task sitting down. The kitchen table is the shared workspace,

and includes two wrapping stations and two cooking stations. In the shared

workspace task, the robot is tasked with pouring drinks in four cups on the ta-

ble, while the human is making sandwiches. The robot needs to finish pouring

drinks as soon as possible while maintaining a safe distance with the human.

Handover task The handover task is conducted in a larger environment with

three cabinets. The human has to walk to fetch items from the cabinet. In this task,

there are two cooking stations and no wrapping stations on the shared kitchen

table. The human has multiple ways to finish their task. In this task, the robot is

tasked with giving additional ingredients to the human, which they use for making

the sandwich. The robot needs to predict when and where the human will be to

complete the handover. The task is sequential and, in total, the robot needs to

complete three handover in every episode.

For both the tasks, to prevent collisions during task execution, a safety stop is

implemented. The robot is stopped if it is within a safety radius (= 0.1 m) of the

human or if the human is occluded. A threaded implementation is used for the

safety system. Once the stop is triggered, the robot is static until the human leaves

the safety radius.
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5.6.2 Task Specification

Both the tasks are specified using the MMDP task model, where sH represents

the human's position, SR represents the robot's joint angles and the progress of its

macro actions. For both the tasks, SE is used to monitor the progress of the respec-

tive task. A two-dimensional grid is used to represent the human's position; the

size of grid is 12 for the shared workspace task and 16 for the handover task. The

human's action space includes motion primitives in the gridworld. The robot's

action space consists of motion primitives in the configuration space and task-

specific macro actions. The macro actions include pouring in the shared workspace

task and handover in the handover task. The size of SR state space is ~ 4,000 for

both the tasks. The task progress, SE, is modeled with ~ 30 states.

In total, the shared workspace and handover tasks have ~ 1.8 x 106 and ~

2 x 106 states, respectively. The reward function penalizes unsafe executions (i.e.,

collisions) and emphasizes faster task completion. The timestep of the MMDP and,

consequently, the planning time is 0.3 second.

5.6.3 Performance with Simulated Data

I first present the details of the simulation experiments, which were conducted for

both the collaboration scenarios. In both the collaboration scenarios, the human

had a total of five intents (i.e., I XH I = 5) corresponding to the different landmarks

of the kitchen environment (e.g., cooking areas, pantry).

Ground Truth Human Model

In order to generate the human behavior in simulation, I define a ground truth

human model with the observable decision factor SA as the human's position sH,

and the latent decision factor XA as the human's intent. In order to arrive at the

ground truth policy, the simulated human is modeled to follow an intent-driven

motion, albeit with bounded rationality. Upon reaching a landmark in the kitchen,

the simulated human is constrained to finish the activity at the landmark within a
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pre-specified time interval. Since the simulated human always finished the activity

at the landmark within a pre-specified interval, the ground truth behavior (i.e., the

sequence of decision factors SA and XA) is non-Markovian.

The task structure is used to define the intent transitions, e.g., after collecting

ingredients from the cabinet the human goes to the table for making the sandwich.

The human can finish the task with different types of intent sequences. Execu-

tion traces generated using the true model are used to obtain the training and test

datasets for the simulation experiments.

Baselines

I utilize a hand-crafted AMM human model and a model learned using supervised

learning as the baselines. The hand-crafted model is specified as the Markovian

version of the ground truth human model, i.e., without the constraint of finish-

ing each activity within a pre-specified time interval. The ground truth human

behavior is used to specify the hand-crafted AMM model; however, the AMM is

Markovian. While the true model of behavior is unavailable in practice, it is use-

ful for benchmarking learning approaches in simulation. The hand-crafted model

represents those prior approaches wherein the developer manually specifies the

robot's decision-making model.

Supervised learning is performed using the algorithm for Supervised AMM

Learning described in Sec. 4.5. The supervised approach serves as a proxy for

prior approaches that require labeled data of human's latent states and cannot

utilize partial specifications. A training dataset of sixteen (SH, aH)-sequences and

identical hyper-parameters are used for all learning algorithms. Duration of each

sequence is - 200 timesteps. For supervised learning, in addition, labels of XH are

provided for all sequences (i.e., ~ 3200 labels).

I evaluate two variants of the specification approach of ADACoRL: Hybrid-A

and Hybrid-B. For both the variants, labels of XH are provided for only four se-

quences (i.e., ~ 800 labels). For Hybrid-A, additionally, ~ 10 high-level inputs are

provided that encode domain expertise about goal sequences (specified as PS> 2 )
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and minimum time to complete activity at each goal (specified as PS3 ). For Hybrid-

B, I additionally specify that the next goal only depends on the previous goal and

not any other feature (i.e., feature selection specified as PS4 ).

In practice, the training dataset of human behavior may not include all behav-

iors exhibited by the human teammate during collaborative task execution. To

test this challenging case, for the handover task, half of the test dataset consists of

intent sequences that are absent in the training dataset of human behavior.

Procedure

For each pair of task and learning algorithm, ten AMM models are learned. The

AMM model with the lowest test error is chosen as the human model. The learned

human model and the task specification are then used to arrive at the robot's

POMDP and policy using the third and fourth steps of ADACORL, respectively.

Thus, all approaches (hand-crafted, supervised, and hybrid) utilize identical algo-

rithms for computing the decision-making model and the interaction policy.

Metrics

I compare the approaches on both their model specification and interaction plan-

ning performance. The model specification performance is quantified using the

weighted KL divergence (wKL) between the learned and the true AMM models

[109]. The weighted KL divergence measures model alignment (i.e., the distance

between the true and learned models). Thirty-two simulation of human-robot col-

laboration are conducted to evaluate the performance of the learned model for

interaction planning.

The interaction planning performance is evaluated using the total shared re-

ward and task-specific metrics - namely, the timesteps for which robot's safety

stop is engaged (denoted as Safety Stops) and the number of successful handovers.

As the shared reward depends on both human-robot distance and task progress, it

provides a composite measure of safety and collaborative efficiency.
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Shared Workspace Task

Model wKL(Tx) wKL(7TH) Reward Safety Stops

Hand-crafted 0 0 -213.8 ± 22.2 0.03

Supervised 0.011 0.041 -223.6 ± 27.4 0.94
Hybrid-A 0.014 0.042 -184.5 ± 23.1 0.09
Hybrid-B 0.015 0.042 -208.9 ± 25.7 0.03

Table 5.1: Objective metrics of model alignment, safety, and collaborative efficiency
for collaboration in the shared workspace task (simulation experiments).

Results

The results of the simulation evaluations are summarized in Tables 5.1-5.2. The

model specification performance (i.e., the weighted KL divergence) is reported for

the best model learned after ten learning trials. The interaction planning perfor-

mance (i.e., the objective measures of safety and collaborative efficiency) reported

in Tables 5.1-5.2 is averaged over the thirty-two trials.

In both the tasks, the models learned through ADACORL's hybrid semi-

supervised approach (Hybrid-A and Hybrid-B) have model alignment comparable

to that of the supervised approach. As the hand-crafted model is specified using

the ground truth model, it has zero KL divergence. Near identical POMDP models

can have vastly different policies. Thus, while the modeling performance of ADA-

CoRL approach is encouraging, evaluating its planning performance is critical.

Despite fewer labels, models specified using hybrid learning result in near

equal or better performance than that of hand-crafted and supervised models.

By reasoning about the human's latent state, all model specification approaches

are able to complete the shared workspace task with minimal safety stops; the

highest average safety stop time is 1 timestep for the supervised model. However,

the hybrid semi-supervised model (Hybrid-A) on average obtains higher cumula-

tive reward than both the hand-crafted model and the supervised model. As the

ground truth behavior is not Markovian, the robot behavior with the hand-crafted

model is not necessary optimal.
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Handover Task

Model wKL(T) wKL(7TH) Reward Handovers

Hand-crafted 0 0 -163.8 ± 3.0 2.0

Supervised 0.066 0.051 -174.1 ± 5.4 1.4
Hybrid-A 0.035 0.055 -174.4 ± 2.6 1.5
Hybrid-B 0.030 0.052 -168.4 ± 3.0 1.7

Table 5.2: Objective metrics of model alignment, safety, and collaborative efficiency
for collaboration in the handover task (simulation experiments).

Hybrid learning improves generalization. For the handover task, the hand-

crafted model performs best. In their failure modes, the models either incorrectly

identify human's subgoal or identify the subgoal too late to complete the handover.

Among the learned models, we again observe that the hybrid semi-supervised ap-

proach (Hybrid-B) on average accrues higher reward and completes more han-

dovers as compared to the model learned via supervised learning. The supervised

approach relies on data alone and cannot utilize high-level inputs, which can result

in models that overfit to the training data. Generalization to behavior absent in the

training set is critical for human-robot collaboration, as the training data will sel-

dom have all possible types of human behavior. In contrast, the hybrid approach

can successfully utilize both partially labeled data and domain expertise (partial

specifications), thereby improving performance in collaborative tasks.

5.6.4 Performance with Human Participants

In order to conduct experiments with human participants, ADACORL was imple-

mented using a collaborative robot (Universal Robot 10 with a Robotiq gripper).

The human-robot team was tasked to perform the handover task, where the human

position was sensed using the PhaseSpace motion capture system. The human po-

sition measured by the motion capture system was also used for implementing

the safety stop. Similar to the simulation experiments, to successfully complete

the collaborative task, the human was assigned to make sandwiches and the robot

was responsible for delivering the missing ingredient.
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Study Description

I utilize a within-subject design, with one independent variable (namely, the ap-

proach for specifying the robot's decision-making model) and three treatment lev-

els: hand-crafted, supervised learning, and hybrid semi-supervised learning. Par-

ticipants for the study were recruited at the MIT campus, and the study proto-

col was approved by MIT's institutional review board. After obtaining informed

consent, participants were briefed about collaborative robot, the safety systems in

place, and the collaborative task.

Each participant completed the task six times (two consecutive repetitions for

each condition) with the robot. In addition, in order to alleviate novelty effects, the

participants performed a training trial at the start of the experiment session. The

order of treatments was randomized across participants. The participants were

administered a pre-experiment demographic survey, three identical questionnaires

during the experiment (one after each condition), and an open-ended survey at the

end of the experiment.

Baselines

In order to train the learned models, training data of twelve execution traces was

collected from three humans (different from study participants) and manually la-

beled. Similar to the simulation experiments, the latent state (goal) labels of only

25% of training sequences were provided to the hybrid semi-supervised approach.

Labels for the entire training dataset were provided to the supervised approach.

The hand-crafted model remained identical to that of simulation experiments.

Ten AMM models were learned for both supervised and hybrid learning. For

each approach, the AMM with the lowest test error was chosen as the human

model for the experiments. The learned human model and the task specification

were then used to arrive at the robot's decision-making model and policy by uti-

lizing the third and fourth steps of ADACORL. Thus, all approaches utilized the

solver described in Sec. 5.5 for interaction planning.
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Collaborative Fluency

Q1 The robot was a good partner.
Q2 The robot and I worked well as a team.
Q3 I am dissatisfied with how the robot and I worked together.

Q4 The robot perceived accurately what my goals were.

Q5 I trusted the robot to do the right thing at the right time.

Safety

Q6 The robot kept a safe distance from me.
Q7 The robot got in my way.
Q8 The robot moved too fast.
Q9 I felt uncomfortable working so close to the robot.

Table 5.3: Subjective measures of safety and collaborative fluency used in the ex-
periments with human participants.

Dependent Measures

I compare the cumulative reward and number of handovers for the three mod-

els. Since the ground truth model of the human participants is unavailable, the

KL-divergence-based metrics of model alignment cannot be computed. Instead,

in addition to the objective metrics, I utilized the three in-experiment question-

naires to measure participant's subjective perception of collaborative fluency and

safety. These questionnaires included nine items each administered on a seven-

point Likert scale. The subjective measures were informed by established metrics

of collaborative fluency [52] and are listed in Table 5.3.

Results

I next report the results of the study from interaction with 9 participants (5 female,

4 male, median age: 29 years). Two participants reported prior experience with

robots. The objective and subjective measures from the study are reported in Ta-

bles 5.4 and 5.5, respectively. I evaluate the effect of the independent variable on

the dependent measures using nonparametric statistical tests. First, I apply the

Friedman test to verify that the modeling approach had a significant effect, and

then used the Wilcoxon signed-rank test to perform pairwise comparisons.
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Handover Task

Model Reward Handovers

Hand-crafted -329.7 i 12.0 2.2
Supervised -315.7 t 20.6 1.4
Hybrid -277.7 ± 10.5 2.9

Table 5.4: Objective metrics of safety and collaborative efficiency for collaboration
in the handover task (experiments with human participants, N = 9).

Hybrid learning outperforms the hand-crafted model during interaction with

human participants. I first compare the objective criterion stated in the problem

definition, i.e., the cumulative shared reward R. Averaged across the participants,

the hybrid approach accrues a higher cumulative reward than both the baselines.

The effect of the modeling approach is statistically significant (p < 0.05) as eval-

uated by the Friedman test, which rendered a Chi-square value of 7.1. Next, I

conduct pairwise comparisons using the Wilcoxon signed-rank test. The shared

reward of the hybrid approach is statistically significantly higher when compared

with that of the hand-crafted model (p < 0.01). While a hand-crafted model may

perform well in simulation, in practice, it may fail to capture the variance in behav-

ior of human participants. However, when combined with data, the developer's

knowledge can result in a useful model that generates fluent collaboration.

Hybrid learning results in more successful handovers than both the baselines.

Similar results are found for the task-specific metric of number of handovers. On

average, the hand-crafted model resulted in 2.2 handovers, the supervised model

in 1.4 handovers, and the hybrid semi-supervised model in 2.9 handovers. The

Friedman test rendered a Chi-square value of 11.6 indicating statistical significance

(p < 0.01). Using the Wilcoxon signed-rank test for pairwise comparisons, I con-

firm that the hybrid approach completes statistically significantly higher number

of handovers than both the hand-crafted model (p = 0.01) and the supervised

model (p < 0.01). Similar to the simulation experiments, the supervised model

completes the fewest handovers.
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Handover Task

Hand-Crafted Supervised Hybrid

Collaborative Fluency

4 2 6
Q1 The robot was a good partner. (p < 0.05) (p < 0.01)

Q2 The robot and I worked well 3 2 6
as a team. (p < 0.05) (p < 0.01)

I am dissatisfied with how the 5 6 2
robot and I worked together. (p < 0.05) (p < 0.01)

The robot perceived accurately 3 2 6
what my goals were. (p < 0.05) (p < 0.01)

I trusted the robot to do the right 4 3 6
thing at the right time. (p < 0.05) (p < 0.01)

Safety

The robot kept a safe 6 7 5
Q6 distance from me. (p < 0.1) (p < 0.05)

2 1 3
Q7 The robot got in my way. (p< .0)

Q8 The robot moved too fast. 2 1 1

Q I felt uncomfortable working so 2 1 2
close to the robot. (p < 0.05)

Table 5.5: Subjective metrics of safety and collaborative fluency for collaboration
in the handover task (experiments with human participants, N = 9).

Likely reasons for the observed performance of supervised learning include its

inability to utilize partial specifications and over-fitting to the supervised training

data. These results further demonstrate that, in practice, it is difficult to rely on

either manual specification or supervised data alone to generate useful models of

decision-making for human-robot collaboration.

Collaboration achieved using hybrid learning is subjectively perceived to be

more fluent than that achieved with either baselines. The median responses

for the subjective measures of safety and collaborative fluency are summarized in
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Table 5.5. The subjective measures were evaluated on a seven-point Likert scale.

A higher response on Q1, Q2, Q4, and Qs indicates higher collaborative fluency; in

contrast, a lower response on Q3 indicates higher collaborative fluency. Similarly,

a lower response on Q7, Q8, and Q9 indicates higher perceived safety; in contrast,

a higher response on Q6 indicates higher perceived safety.

In order to evaluate statistical significance, similar to the objective metrics, first

a nonparametric Friedman test is conducted. If the Friedman test indicates sta-

tistical significance for the independent variable, then pairwise comparisons are

conducted between the hybrid approach and the two baselines using the Wilcoxon

signed-rank test. Table 5.5 also lists the p-value of the pairwise comparisons that

are found to be statistically significant.

Through the responses for items measuring collaborative fluency (Q15), we

observe that the human participants subjectively assess the interaction with a robot

utilizing hybrid learning to be statistically significantly more fluent than the inter-

action with a robot utilizing either of the baselines. For instance, for the item "The

robot and I worked well as a team.", the median response for the hybrid approach

was 6 (on a Likert scale of 7); whereas, the median responses for the hand-crafted

and supervised approaches were 3 and 2, respectively. Similar responses are ob-

served for the other items measuring collaborative fluency, where the pairwise

difference in responses is both large (between 2 and 4 points on the seven-point

Likert scale) and statistically significant (p < 0.05 for the hand-crafted model and

p < 0.01 for the supervised approach).

Due to the implementation of the safety stop, the human-robot interaction was

guaranteed to be safe. Since in each condition the robot utilized identical speed

and a safety stop, the participants perceived the interaction for each condition to be

safe (i.e., median responses of more than 4 for Q6 and that of less than 4 for Q7-9).
However, through the subjective measures of safety (Q6-9), we observe that the

supervised approach was perceived to be the safest by the participants. Pairwise

comparisons indicate the difference to be statistically significant (p < 0.05) but

relatively small (between 1 and 2 points on the seven-point Likert scale).
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A likely explanation for the subjective responses for the supervised approach

can be gleaned from the robot behavior observed during its failure modes, wherein

the robot either incorrectly identified the human subgoal (leading to the robot wait-

ing at a location far from the human) or identified the subgoal too late to reach the

human and complete the handover. Consequently, the supervised approach re-

sulted in marginally safer but significantly inefficient (e.g., fewest handovers) and

less fluent collaboration. In contrast, the hybrid approach leverages the flexibility

available in the task safety to optimize the shared reward (a composite measure of

safety and efficiency) leading to safe, efficient, and fluent collaboration.

Experiments with human participants confirm the utility of ADACORL. In

summary, the evaluations confirm that the hybrid model specification approach

of ADACoRL, despite 75% fewer labels, performs equally well or better than both

a hand-crafted model and a model learned with fully-labeled behavioral data. Fur-

ther, by leveraging ADACORL's online approach to interaction planning, the robot

is able to exhibit the desired collaborative behavior by reasoning about the task's

large state space within a planning time of 0.3 s.

5.7 Summary

In this chapter, we discussed ADACORL, a novel framework to specify decision-

making models and generate robot behavior for human-robot collaboration. In

prior art, labeled datasets of human's latent states have been a prerequisite to

generate fluent robot behavior for collaboration. ADACORL's hybrid approach

to model specification relaxes this requirement by learning decision-making mod-

els with partially labeled data and domain expertise. I demonstrate ADACORL

in two human-robot collaborative tasks, with state spaces significantly larger than

those considered in prior art. ADACORL's online approach to interaction planning

enables the robot to make decisions in these tasks, despite their large state spaces

and short planning times.
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By leveraging both data and domain expertise, ADACORL addresses Problem

2 and enables effective information transfer from the developer to the robot. Specif-

ically, it reduces the developer's specification effort by utilizing a modular task

representation, hybrid learning of the human decision-making model, analytical

computation of the robot decision-making model, and algorithmic generation of

the robot's interaction policy.

Promising directions of future investigations include expanding the vocabulary

of ADACORL to consider additional tasks (i.e., beyond the Markovian task model)

and additional high-level specifications (i.e., in addition to the partial specifica-

tions PS1. 4 ). Another avenue is to leverage approaches that infer task objectives

[18, 21, 50, 136] and further reduce the developer effort for specifying the task

model and creating collaborative machines.
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Chapter 6

Deciding to Communicate during

Collaborative Task Execution

In the previous two chapters, I provide solutions for effective information transfer

from the developer to the collaborative robot. These solutions enable the devel-

oper to specify the model of the human teammate and policy of the collaborative

robot. In this chapter, we shift our attention to the information sharing between

the teammates (i.e., the human and robot) during collaboration.

Recognizing the utility of information sharing, a significant amount of re-

search focusing on human-robot communication has been conducted in the last

two decades [150, 93, 21]. As detailed in Sec. 2.5, several communication modali-

ties are being developed for enabling sharing of information among humans and

robots [12, 92, 149, 4, 32, 72, 146]. Depending on the collaboration context, these

modalities can enable robots to either convey information to the human, interpret

the information received from the human, or both.

Despite the active focus on the development of communication modalities,

however, there is a relative lack of approaches that enable a robot to purposefully

utilize its communication capability during interactions with humans [93]. While

modalities are a prerequisite for enabling communication, purposeful planning

and use of the communication modality is essential for achieving the motivation

behind developing these modalities, namely, fluent collaboration.
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Moreover, as motivated in Sec. 2.5, while information sharing has the poten-

tial to improve team performance, it often has associated costs. These costs may

arise due to the power requirements necessary to transmit data, computational

requirements associated with processing new data, or the limitations of human in-

formation processing. Consequently, the benefits gleaned from using newly com-

municated information may not necessarily outweigh the associated costs, and

excessive communication can hamper collaborative performance.

Thus, assuming the presence of a communication modality, this chapter focuses

on the challenge of its effective use for human-robot collaboration (i.e., Problem 3).

Specifically, I provide a novel framework that enables a collaborative robot to make

decisions regarding not only actions but also communications. Encouraged by the

performance of ADACORL, the framework utilizes a hybrid approach to model

specification and an online approach to decision-making.

This chapter begins with an overview of the communication decision-making

framework, followed by a review of related work. Before describing the frame-

work in detail, I summarize the collaborative tasks and communication modalities

of interest. The framework is then demonstrated on a human-robot collaborative

task, where the teammates can communicate using speech. Through experiments

with human participants, I confirm that the proposed framework can generate flu-

ent human-robot collaboration through effective use of communication.

6.1 Framework for Specifying the

Communication Policy

The primary contribution of this chapter is a principled framework for answer-

ing the question "If, when, and what to communicate?" for a given collaborative

task and communication modality. The collaborative tasks and communication

modalities of interest are described in Sec. 6.3 and Sec. 6.4, respectively. Figure 6-1

provides a visual summary of the communication decision-making framework.
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Step 1: Specification of the task model and communication cost

domain
expertise

communication modality
and domain expertise

Task Model
(MMDP)

Communication
Cost

Step 2: Hybrid specification of the human teammate's action and response models

Teammate

A
Developer

unsupervised
data (and labels)

Hybrid
Specification Human Model

domain expertise
and labels

Step 3: Analytical computation of the robot's decision-making model

Task Model

Analytical Robot Model
Comm. Cost Computation (POMDP)

Human Model

Step 4: Algorithmic generation of the joint interaction and communication policy

Robot Model
Online

Planning

Robot's Joint Interaction
and Communication Policy

Figure 6-1: A hybrid framework for generating a robot's joint interaction and com-
munication policy for a human-robot collaborative task.
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Similar to ADACORL, the communication decision-making framework con-

sists of a model specification process and an execution-time algorithm to address

the problem of computing the robot's policy. A detailed problem formulation is

provided in Sec. 3.4. Both the physical actions and communications of the robot

affect the progress of the collaborative task and human's mental states, rendering

the choice of the effective communication interdependent on the robot's physi-

cal actions. Thus, the communication decision-making framework jointly reasons

about robot's actions and communications to arrive at the robot's policy.

Model Specification and Learning

The model specification process, described in Sec. 6.6-6.8, leverages the opportu-

nity of effective information transfer from the developer to the robot. The robot devel-

oper needs to specify three modules: a task model, a model of human teammate's

behavior, and the cost of using available communication modalities. Recognizing

the difficulty of collecting communication-based interaction data, the model spec-

ification approach is hybrid: where part of the model can be learned, while the

remainder can be manually specified. This hybrid specification approach builds

upon the algorithms for learning teammate models described in Chapter 4.

Interaction and Communication Planning

Similar to ADACORL, upon completing the model specification process, the frame-

work algorithmically generates a decision-making model for the robot and its pol-

icy. In order to reason about human's mental states during decision-making, it uses

a partially observable Markov decision process (POMDP) as the representation for

the robot's decision-making model. The robot's policy, which specifies its action

and communication decisions, is computed at execution-time using a variant of

DESPOT [171]. As detailed in Sec. 6.11, via a human-participant study, I demon-

strate the utility of the framework in a sequential human-robot collaborative task

with multiple communication types and short planning times.
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6.2 Related Approaches for Communication

Decision-Making in Human-Robot Teams

Analogous to the research on human teams, multiple human-robot interaction user

studies have helped identify the utility of communication between humans and

robots for fluent collaboration - e.g., by contributing to the agents' shared situ-

ational awareness and engendering trust among teammates [131, 143, 164, 138].

These studies, which use a hand-crafted communication policy, serve as a motiva-

tion for the development of computational approaches for effective human-robot

communication.

In this section, I review related work on computational approaches to arrive at

the robot's communication policy. Kaupp et al. provide one of the first computa-

tional approaches for communication decision-making [67]. Their probabilistic ap-

proach addresses the case where the robot has partial observability of its environ-

ment, and through its communication modality could request information/help

from the human. The efficacy of the communication decision-making is confirmed

through user studies.

Mavridis and Dong integrate planning for motor control and speech to address

the question "to ask or to sense?." Similar to [67], they consider tasks where the

robot is requesting help from the human. In contrast to these related works, this

dissertation considers mixed-initiative tasks where both the human and the robot

are tasked for completing the collaborative task.

Communication during mixed-initiative tasks has also been considered in re-

cent research [19, 105, 164]. Timed Petri nets have been used to develop a gen-

eral framework for planning interaction resources (including communication) for

human-robot interaction [19]. Wang et al. provide an approach to generate com-

munication vocabulary for robots operating in partially observable environments

and use it to generate explanations during human-robot collaboration. However,

these approaches do not explicitly model the impact of human's latent states on

robot's communication decision-making, or vice versa.
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The approach closest to the framework presented in this chapter is that of Niko-

laidis et al., which explicitly considers the effect of human's latent states on com-

munication decision-making. Their approach introduces compliance, an impor-

tant parameter for modeling the impact of robot communications on human's be-

havior, and performs planning using a mixed observable MDP. However, their

approach considers only a single communication type (either state-conveying ac-

tions or commands) during task execution. In contrast, the framework presented

in this chapter can reason about multiple communication types, thereby enabling

planning for bidirectional human-robot communication. Further, the framework

extends the formalization of compliance, and is demonstrated using a decision-

making problem with large state space and short planning time.

6.3 Specification of the Collaborative Task

In this chapter, I focus on human-robot collaborative tasks that can be modeled

by the factored, MMDP task model described in Sec. 5.2. Further, I assume that

the robot developer has complete knowledge of the parameters of the task model.

Consequently, the task specification in the communication decision-making frame-

work is identical to the first step of ADACORL. The task model does not include a

specification of human's mental states or robot's communication modality.

While the human and robot have full observability of the task state s, they

cannot observe each other's mental states (such as intent) during task execution.

Through the effective use of communication, the robot can better infer human's

mental states and convey information to the human, thereby improving the collab-

oration. For describing the proposed communication decision-making framework,

I use a variant of the shared workspace task described in Sec. 5.2.3 as the running

example. However, the discussion and the proposed framework is general in that

it applies to other collaborative tasks that can be represented by the MMDP task

model. Figure 6-2 depicts an example of human-robot communication from the

shared workspace task.
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Figure 6-2: Robot communicating with the human teammate to facilitate collabo-
ration in a shared workspace.

6.4 Specification of the Communication Capability

As discussed in Sec. 6.2, several modalities are being actively developed for

human-robot interaction and the utility of effective communication has been iden-

tified across multiple user studies. In order to design an approach that applies

across modalities, the design of the communication decision-making framework is

centered around communication types (which specify the information being com-

munication) instead of communication modalities (which specify how the infor-

mation is being communicated). In this section, I discuss the different communi-

cation types for which the framework enables communication decision-making.

6.4.1 Communication Types

Guided by the communication context, multiple taxonomies for communication

types have been developed across research on human-human, robot-robot, and

human-robot communication [10, 27, 169, 164]. For instance, dialog and speech

acts enable classification of natural language into different communication types

[10, 27, 113]. Similarly, for a robot utilizing a POMDP for its decision-making,

Wang et al. provide and study the relative utility of different communication types.

In their taxonomy, communication types are classified based on the elements of the

POMDP that the communication conveys.
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For multi-agent systems, Xuan et al. provide an abstraction for communication

decision-making, which includes three types of communication: tell, query, and

sync. Similar communication types have been explored using Blocks World for

Teams, a widely-used testbed for joint activity and teamwork, namely: request,

tell, inform, and answer [59, 82, 165, 17]. Informed by these abstract types, in this

chapter, I consider the following types of communications:

" inf orm, the robot informs the human about a latent state of its decision-making;

since the task state is observable in our model, the inform message corresponds

to the robot's mental state (such as robot's intent, denoted as, SRI);

* ask, the robot queries the human about the latent state of her decision-making;

since the task state is observable in our model, the ask message corresponds to a

question regarding the human's mental state (such as human's intent); and

" command, the robot requests the human to perform a specific action or plan; this

communication type can also be used to represent requests or suggestions; and

" answer, the robot answers the human's question.

The proposed framework does not explicitly consider the type answer in its

decision-making approach. Instead, it assumes that readily answering the hu-

man's queries is optimal in collaborative applications, thereby circumventing any

need for decision-making for answer. The first three communication types, cou-

pled with the above policy for answering human queries, enables the framework

to perform decision-making for bidirectional human-robot communications.

I demonstrate the framework using speech as the communication modality.

However, the framework is equally suitable for other modalities that map to the

above communication types. For instance, the communication type inf orm can be

achieved by a robot sharing its intention using visual signals or gestures. Similarly,

a robot can request a human to complete a task using augmented reality. Finally, I

view symbol grounding as an important but complementary problem. Hence, the

framework assumes that both the human and the robot can associate the commu-

nications to the attributes of the collaborative task without any ambiguity.
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6.4.2 Communication Space

Based on these communication types, the robot developer needs to specify a set of

communications that the robot and the human can make during the task execution.

I denote the finite set of robot's communications aRC E ARC and that of human's

communications aHC C AHC as the communication space. Along with specifying

the communication space (i.e., the set of robot's actions and communications), the

developer has to specify grounding for these communications using the variables

(state and action) of the robot's decision-making model.

Example In the example task, sharing information regarding the agent's intent

can be useful. Thus, I specify the following set of robot communications aR C E ARC

using task-specific actions and key landmarks of the shared workspace,

" (inf orm) "I am going to do action at landmark."

" (ask) "Where are you going?"

" (command) "Please make the next sandwich at landmark."

Similarly, to model the human's response, the set of human communications

aHC E AHC is specified as "I am going to landmark." The human can provide

this information as response to the robot's question (i.e., as the type answer) or

offer it on her own accord (i.e., the type tell). Grounding for the key landmarks

(i.e., cooking stations, wrapping stations, pantry) is manually specified using the

MMDP state variables (specifically, positions of the human SH and joint angles of

the robot SR) to enable communication understanding. Similarly, action grounding

is available from the MMDP action space.

6.5 Need for Robot's Decision-Making Model

The objective of the framework is to arrive at the optimal robot policy 7T (i.e., a

mapping from robot's sensory information to its actions aR and communications

aRC) for the specified collaborative task and communication space. As detailed in
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the problem statement (see Sec. 3.4), optimality is quantified using the expected

cumulative reward of the human-robot team. However, arriving at the robot's

policy is not readily possible given just the task model and communication space.

The collaborative task model of Sec. 3.1.2 depends on the team's joint actions

(i.e., actions of both the human and the robot). Hence, similar to Chapter 5, to

computationally solve for the robot's policy, the framework needs a single-agent

model that only depends on robot decisions (i.e., robot actions aR and communi-

cations aRC). Here, I summarize the steps involved in specifying this single-agent

model, which is referred to as the robot's decision-making model.

In order to streamline the process of specifying the robot's decision-making

model and reduce the effort of robot developer, the framework requires specifi-

cation of following modules, namely, a model for communication cost; a model

for human's action decision-making (i.e., policy for aH); and a model for human's

communication decision-making (i.e., policy for aHC).

These modules can be specified either entirely manually, learned from data, or

both. In order to reduce the developer effort, learning these models from data,

when feasible, is desirable. However, collecting communication-based interaction

data (which is essential for learning approaches) is challenging in the real world.

Hence, a hybrid approach - where part of the model is learned, while the remain-

der is manually specified using the developer's domain knowledge - is empha-

sized. Next, I describe the modules and, by providing their instantiation for the

example task, demonstrate the specification process in action.

6.6 Model for Communication Cost

As noted in the introduction, while communication has the potential to improve

interaction, it also incurs cost. Research on human teams and interruption manage-

ment has identified varies latent causes of communication cost for humans [56, 87].

Consequently, communication cost is often task- and context-specific, and novel

cost models are needed for human-robot communication.
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6.6.1 Cost Model

In order to enable communication decision-making, I provide a parametric model

to specify communication costs. For a particular collaborative task, the devel-

oper can specify these parameters based on domain knowledge to inform robot's

decision-making. In order to stress the cost of too many communications, the pro-

posed cost model is non-linear. Specifically, the model requires three parameters:

minimum and maximum cost of communication (pa, Pb), and the duration of the

interruption interval hRC. The communication reward (negative cost) Re is then

given as follows:

Rc = --Pa exp 1 - t Rc lo9 pb (6.1)
hRC I

where tRC denotes the time since the last communication. The interruption inter-

val begins after a communication is made and lasts for a duration of hRC. For a

communication outside this interval, the cost corresponds to the minimum Pa. The

model penalizes multiple communications during the interruption interval.

Depending on the task, the cost could be tailored to different communications

by specifying different parameters for each aRC. For instance, to emphasize po-

lite communication during equal partners teamwork, a developer could specify a

higher cost for commands as compared to suggestions. Note that this model is just

one alternative to specifying cost and highlight that modeling human-robot com-

munication cost is an important but under-explored problem. However, irrespec-

tive of the model choice, I posit that the nonlinear penalization of communication

is important when the team is performing sequential tasks.

Example For the example task, I specify hRc 3 s. The minimum and maximum

cost of communications is set as Pa = 1 and Pb 15. Finally, I tailor the cost model

for inf orm, in which the robot commits to an action and landmark (i.e., intent).

In order to emphasize that the robot follows through its commitment, denoted as

SRI, the model includes a penalty if the robot does not complete its communicated

commitment and a positive reward (negative cost) if it does.
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6.6.2 Communication State

In order to enable Markovian decision-making with a temporal model of commu-

nication cost, additional communication-specific states are required. I denote this

communication state as SRC E SRC. This state includes the latest communication,

the time since last communication tRC, and the robot's communicated intent SRI.

6.7 Model for Human's Action Decision-Making

The need and utility of modeling the human teammate's mental states and an-

ticipating her actions have been demonstrated across multiple studies of human-

robot interaction [150]. Thus, a model of human's task-specific behavior is essential

for making effective communication decisions during human-robot collaboration.

Multiple data-driven approaches have been utilized to learn this model, includ-

ing variants of supervised learning and inverse reinforcement learning. Further,

in Chapter 4, I provide a novel representation and a suite of learning algorithms

which reduce the developer's effort for modeling the human teammate.

Building upon the solutions presented in Chapter 4, the framework for commu-

nication decision-making utilizes a hybrid specification approach for modeling the

human teammate. Specifically, in contrast to prior art that relies data-driven learn-

ing alone, this hybrid specification approach enables the developer to hand-craft

part of the model for which training data might be insufficient or unavailable.

The ability to combine data and domain expertise is especially relevant for

specifying models of communication decision-making. In practice, it is difficult

to collect interaction data for training models, even more so when the interaction

involves communications between human and robot. Further, collecting training

data for communication-based interaction requires as input a developer-specified

communication policy. However, training with a substandard communication pol-

icy is also undesirable, as it can negatively impact the user's trust and subjective

perception of the collaborative robot.
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6.7.1 Agent Markov Model

In order to represent human's sequential decision-making behavior, the frame-

work utilizes the Agent Markov Model (AMM) described in Chapter 4 and used

for modeling the human teammate in Chapter 5. AMM represents the behavior of

an agent whose decisions are contingent on both observable (sA) and latent (XA)

decision factors, and the dynamics of the decision factor are Markovian.

The choice for using the AMM is motivated by the need to model human's

mental states and their dynamics (for which the AMM includes explicit parame-

ters). Further, as described in Chaper 4, algorithms exist for learning the AMM that

can utilize both data and domain expertise. Briefly, the AMM describing human

behavior is defined by the tuple (XA, SA, AA, bx, Tx, Ts, TA), where

* XA XH denotes the state space of human's mental states xH;

* SA denotes the space of human's observable states sA;

" AA AH denotes the set of human's task-specific actions aH;

" bx denotes the probability of the initial latent state;

" T, and T, denote the transition models of XH and sA; and

STA - 7TH TH (aH SA, XH) represents the human's policy, i.e., the probability of

choosing action aH in the state (SA, XH).

AMM Feature Specification In a collaborative task, the human's behavior de-

pends on the task-specific features (i.e., the MMDP state s), mental states, actions,

and communications. The robot has full observability of the MMDP state, its

own actions, and communications. Hence, the specification of the human's ob-

servable decision factors SA and their dynamics Ts is obtained from the MMDP

state, robot actions, and communications, i.e., SA = g(s, aR, sRC, aRC) and SA 

S x AR x SRc x ARC. The function g is an arbitrary nonlinear function, which pro-

vides the developer flexibility while specifying observable features important for

human behavior. AMM's action space AH is also available from the task MMDP.

Thus, the specification of AMM's known parameters follows in a fashion similar
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to that of ADACoRL. However, to account for effect of robot's communications,

aRc and SRC are also included as the known decision factors. The parameter XH

enables the developer to specify important latent features (i.e., mental states corre-

sponding to variables such as goal, intent, belief, and workload) that affect human

behavior. Thus, using the task definition and domain knowledge, the developer

can partially specify the AMM tuple; specifically (XH, SA, AH, Ts).

Example In the shared workspace task, the behavior of the human is intent

driven. The human first picks the ingredients from the pantry, then takes them

to the cooking station, and finally wraps and keeps them. Thus, these task-specific

intents (or subgoals) are important mental state XH for human's decision-making.

The set of task-specific intents specifies the latent state space XH of the AMM.

In addition to her intent, the human's behavior depends on her position (SH) as

well as robot's communications (SRC, aRc). This completes the specification of

both known decision factors SA as (SH, SRC, aRC) and XH as subgoals. The action

of human aH is known from the MMDP definition.

6.7.2 Two-Step Approach for AMM Learning

Given this partial AMM tuple and interaction data (i.e., execution traces of SA, aH

and optionally XH), I provide algorithms to recover the complete model of hu-

man in Chapter 4. The complete AMM tuple specifies the human's policy 7TH and

and dynamics Tx of the mental states. For the example task, this corresponds to

learning how the human chooses her next subgoal x' and actions aH based on

previously completed subgoals XH, current position SH, and robot communica-

tions aRC. However, as noted earlier collecting communication-based interaction

data is challenging in practice. Hence, the frameworks adopts a hybrid two-step

approach. First, it learns an interim model that does not capture the influence of

robot communication on human behavior; learning of the interim model is done

using interaction data without any communication. Next, this model is augmented

using developer-specified effects of robot communications on human behavior.
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Modeling Human Behavior in absence of Robot Communication

In order to learn the interim model, which does not model communications, the

framework requires as input a dataset of interaction data without communications

(i.e., execution traces of SA with SRC = aRc = 0, where 0 represents null). The

dataset can be optionally labeled to include sequences of the latent state XH. Given

this dataset and the partial AMM tuple (XH, SA, AH, Ts), the interim model is gen-

erating using algorithms for learning the AMM.

Example In order to learn the teammate model for the example task, I use the

dataset described in Sec. 4.9.3. During the data collection, the human was perform-

ing the task without any communications from the robot, which resulted in execu-

tion traces of (SA, aH) with SRC = aRC = 0. Given this dataset, the interim model

that captures the human's action-selection behavior is obtained computationally

via Supervised AMM learning. The learned model includes the dynamics of hu-

man's mental state Tx(x' XH, SFO, aH) and action-selection pOlicy 7TH (aH SFO, XH),

where SFO = g(s, aR, SRC O, aRc = 0). However, the learned parameters of the

interim model Tx and 7TH are independent of aRc and, thus, do not include effect

of robot communications on human behavior.

Modeling Effect of Robot Communication on Human Behavior

A communication can affect human's behavior either directly (via the policy) or

indirectly (by changing the human's mental states, which in turn affects human's

choice of actions). Both of these effects can be specified in the proposed framework.

For instance, for a communication that requests the human to perform an action,

the effect is modeled by the impact of aRC on policy 7H. In contrast, for a commu-

nication that requests the human to choose a subgoal, the effect is captured by the

impact of aRc on latent state dynamics T,. Thus, mathematically, the objective of

this step is to augment the terms of the interim model with Tx(x'I XH, SA, aH) and

TH(aH| SA,XH), where SA = g(s,aR,SRC,aRC # 0) or SA = g(s,aR,SRC 1 0,aRC).
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Note that Tx and 7TH are probability distributions over human's mental states

and actions, respectively. Thus, the effect of aRC corresponds to the probability

of humans changing their behavior based on robot's communication. This prob-

ability is called compliance, which has been previously formalized for the commu-

nication type command [105]. In prior art, compliance is considered identical for

all communications and task states. However, in practice, the effect of each com-

munication is different and depends on the task context. I extend the formaliza-

tion of compliance to other communication types and, through the specification

of SA = g(s, aR, aRC, SRC), allow for it to vary based on the task state (via s) and

communication (via aRC, SRC).

Example I provide examples of the specification process for the shared

workspace task before summarizing its general version. In the example task, the

robot can make three types of communication: command, inform, tell. Due to

the task structure, the human will be able to follow the command (of making sand-

wich) only if she currently has access to the ingredients (i.e., human is at pantry).

Thus, I specify a context-specific model of compliance for the robot's command,

i.e., command affects human only if the human position sH is pantry. Specifically,

when the human is at the pantry the human will follow the robot's command with

a context-specific compliance probability pc1.

Further, by incorporating communication state SRC as one of human's known

decision factors SA, a developer can specify that a communication has temporally-

extended influence on human behavior. This is especially important in sequen-

tial tasks and to account for communication delay. For the communication type

inform, the robot shares its intent (subgoal) with the human. I model that after

learning about the robot's subgoal, the human will act to improve fluency of col-

laboration and not choose the same subgoal with probability Pc2. The probabilities

pc1 and Pc2 can be different, resulting in a context- and communication- specific

compliance model. The ask type influences human's communication but not the

action-specific behavior and, thus, does not require a compliance model.
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Specification Process Thus, in general, for a communication aRC that exerts in-

direct influence on human behavior, the developer needs to specify a probabil-

ity distribution over the human's next mental state x' when the robot makes

the communications aRc for AMM state (XH,SA) and action (aH). I denote this

probability distribution as qc, which is used to augment the model as follows:

TX(xI XH, SA, aH) = qc. The distribution qc mathematically represents the ex-

tended formalization of compliance, which is both context- and communication-

specific and can be temporally extended. Further, these tuples need only be speci-

fied for the communications that influence human's task-specific behavior. Similar

procedure is used for communications with direct influence. However, for this

case, the compliance distribution qc specifies the values of human's policy 7TH.

Summary

Given the compliance distributions and the interim model, the specification of hu-

man's action decision-making is complete. When the robot is silent (i.e., SRC =

aRc = 0), the human behavior is specified by the interim model. When the robot

communicates, the specifications provided by the developer are used. In tasks

where communication-based interaction data is available, the two-step process is

not necessary and the complete model can be learned using interaction data.

6.8 Model for Human's Communication

Decision-Making

Along with performing the task-specific actions aH, the human teammate too can

communicate during the task. Thus, in addition to a policy of human's task-

specific actions, the robot requires a models of human's communications to make

effective decisions regarding its own communications. In this chapter, I provide a

model for human's communication types tell and answer, which is then incorpo-

rated into robot's decision-making.
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In response to the robot's query (type ask), the human may respond correctly,

incorrectly, or not respond at all. For instance, if the human's attention is over-

loaded with the collaborative task, the robot's question may go unanswered. The

proposed framework for communication decision-making represents this behav-

ior using the property responsivity, which is summarized by the probability Pr of

the human responding to a query.

In collaborative tasks, the human teammate is seldom expected to provide an

incorrect response. However, due to implementation challenges (such as errors

in natural language parsing), the robot might receive an incorrect response. Thus,

the framework further models that the sensed response from the human is truthful

with probability pt.

Finally, the framework also considers the case when the human may share her

intent (i.e., subgoal) with the robot preemptively (i.e., without being asked) with

probability pa. For the example task, I use the following values: pr = 0.9, pt = 0.9,

and pa = 0.01. Similar to compliance, in general, the parameters of the response

model (Pr, Pt, pa) may vary based on the communication action, context (i.e., the

MMDP state), robot's behavior, and human's mental state. However, I assume that

they are constant and leave the investigation of their dynamics for future work.

6.9 Model for Robot's Action and

Communication Decision-Making

Given the problem inputs (task model and communication space) and the model

specification (communication cost and human models), the robot behavior is gen-

erated computationally and without any additional developer effort. Similar to

ADACoRL, in its third step, the communication decision-making framework an-

alytically arrives at a POMDP that serves as the robot's decision-making model.

In this section, I describe the analytical derivation of this POMDP model. The

POMDP model parameters are denoted using the subscript p.
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State Space: SP denotes the set of robot's decision-making states, sp

(SH, SR, SE, SRC, XH) = (s, SRC, XH). The POMDP state includes five factors, namely,

the three components of the task MMDP state s, the communication state SRC, and

the latent state of human decision-making XH. The inclusion of human's latent

state enables anticipation of human's actions and generation of adaptive robot be-

havior, which is an essential feature for fluent collaboration [53].

Action Space: AP p AR U ARC denotes the set of actions ap, where AR and ARC

denote the sets of robot's task-specific actions aR and communications aRC, respec-

tively. Thus, the planning is done jointly for robot's actions and communications.

Transition Model: The state dynamics for the POMDP are Markovian and are

denoted by Tp (s' sp,ap) : Sp x A, x Sp -± [0,1]. For the factored state of the

POMDP, the transition model is derived as follows,

Tp(spsp,ap) = Tps(s'|sp,ap)Tpe(s'RCISRC,aRC)Tpx(X H XH,SA) (6.2)

The transition model of the variable s is available from the task model, T(s' s, a).

However, the task model depends on the joint action a (aH, aR). The robot's

decision-making model requires a transition function that only depends on the

robot actions and communications. Thus, using the human model (AMM) and

the task model (MMDP), the transition model of the variable s for robot decision-

making is derived analytically as follows,

Tps(s' sp, ap) = aHH T(s' s,aR,aH)7rH(aH SA, XH) (6.3)

The variable SA = g(s, aR, SRC, aRC) is a function of the POMDP state and actions,

thus by summing over aH, the framework arrives at a model that only depends on

the POMDP state s, and action ap. This analytical computation assumes that the

communications do not affect the MMDP state directly. However, they may exert

an indirect influence by affecting the human teammate's behavior.

155



The transition model of human's mental state XH is also available from the AMM;

however, it too depends on human actions. Thus, the frameworks analytically

obtains Tpx as follows,

T px (x | XH, SA) = Ea, Tx (X XH,s A,aH)rH(aH s A, XH) (6.4)

Finally, Tpc is the transition model of the robot's communication state that keeps

track of the robot's communicated intent, latest communication, and time since

last communication.

Reward Model: The reward Rp(sp, ap) : SP x A -+ R is obtained by adding two

components: the task reward Rps and the communication cost Rpc Specifically,

R p = RP p(s p, ap) + RP p(sp, ap) (6.5)

Similar to the computation of TyS, the task reward Rps is obtained analytically

using the human model (AMM) and the task model (MMDP),

R, p(sp, ap) = RP(S, SRC, XH, aR, aRC) (6.6)

= Eae AH R(s, aH, aR) 7T (aH s A, XH) (6.7)

The model for communication cost is described in Sec. 6.6, i.e., Rpc = Re.

Observation Model: During the task, the robot has full observability of the

MMDP state s and its own communications SRC. Hence, the human's mental state

XH is the partially observable component of the POMDP. The observation model of

XH is specified as the human's model for communication decision-making, which

is descried in Sec. 6.8. Thus, through its communication the robot can possibly

influence human behavior and receive observations of the latent state.

Finally, the time horizon tf and the discount factor 7 of the robot's decision-

making model (POMDP) are identical to that of the task model (MMDP).
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6.10 Algorithm for Robot's Action and

Communication Decision-Making

Given the robot's decision-making model, the robot's policy is generated algorith-

mically by solving the POMDP. Similar to ADACORL, to enable decision-making

for problems with large state spaces and short planning times, the communica-

tion decision-making framework utilizes the variant of DESPOT [1711 described

in Sec. 5.5. The planning is done during interaction and jointly over robot's ac-

tions and communications. The planning time available during interaction is often

small, thereby making the planning further challenging. As demonstrated next,

the framework can make decisions at execution-time in problems with large state

spaces, short planning times, and multiple communication types.

6.11 Experiments

In order to evaluate the utility of the communication decision-making framework,

I implemented the framework on a collaborative robot and conducted experiments

with human participants. Similar to the experiments presented in Chapter 5, Uni-

versal Robot 10 (with a Robotiq gripper) was used as the collaborative robot. To

the best of my knowledge, my framework is the first to perform online decision-

making for multiple communication types while anticipating human's behavior

and latent states. Hence, I compare it against a hand-crafted policy for robot's

communication decision-making.

Specifically, through the experiments with human participants, I evaluate the

following two hypotheses: During human-robot collaboration, a robot that reasons

about its multiple communications using the communication decision-making framework

obtains a shared reward higher than

HI a robot that does not communicate; and

H2 a robot that uses a hand-crafted communication policy.
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6.11.1 Study Description

The human-robot team was tasked to perform the shared workspace task, which

served as the running example in this chapter, during the experiments. A still from

the human-participant study is depicted in Fig. 6-2. Similar to the experiments in

Chapter 5, to ensure safety, a safety stop was implemented. Specifically, the robot

is stopped if it is within a safety radius (= 0.1 m) of the human or if the human is

occluded. Once the stop is triggered, the robot is static until the human leaves the

safety radius. A motion-capture system was used for sensing the human.

Task Specification

The shared workspace task is specified using the MMDP task model. A two-

dimensional grid is used to represent the human's position (i.e., the state feature

SH). The state feature SR represents the robot's joint angles and the progress of its

macro actions. The state feature SE is used to monitor the task progress (e.g., which

cups have been filled). For the version of the shared workspace task used in the

experiments with human participants, the MMDP state space S includes 39,816

states. The human's action space includes motion primitives in the gridworld.

The robot's action space consists of motion primitives in its configuration space

and task-specific macro actions (e.g., pouring). In addition to the task's large state

space, the robot had to make decisions online within a planning time of 0.3 s.

Communication Capability

The human-robot team used speech as the communication modality. The robot's

vocabulary was limited to its communication space, which is specified in Sec. 6.4.2.

The robot communicated via a speaker and used a speech-to-text software for de-

tecting human's response [76]. In order to facilitate symbol grounding, numbered

labels were placed next to key landmarks in the shared workspace (e.g., at cooking

and wrapping stations). The human and robot used the location numbers to refer

to the landmarks while communicating.
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Baselines

I utilize a within-subject design, with one independent variable (namely, robot's

approach to communication decision-making) and three treatment levels:

" no-communication policy (denoted as Silent);

* a hand-crafted communication policy (denoted as Hand-crafted); and

" a policy generated using the communication decision-making framework pre-

sented in this chapter (denoted as POMDP-based).

All three approaches utilize identical specification of task model (MMDP), hu-

man's latent states XH, and data of human's behavior. Human teammate's latent

state is specified as her intent (also referred to as subgoal). Specifically, the hu-

man is modeled to have five intents corresponding to different landmarks in the

shared workspace (i.e., cooking stations, wrapping stations, and pantry). Further,

all approaches utilize identical subgoal-dependent human model, learned from

interaction data, for anticipating human behavior in absence of robot communi-

cations (i.e., when SRC = aRC = 0). However, they differ in their approach to

communication decision-making.

For both the baselines, no-communication policy and hand-crafted communi-

cation policy, the robot action aR-selection was done by using the POMDP model

with empty communication state and action spaces, i.e., ARC = SRC = 0. For

the no-communication policy, the robot was silent during the task. For the hand-

crafted communication policy, the following policy was used,

" ask: when the human's intent is ambiguous, i.e., when no human intent had a

belief above a hand-crafted threshold;

" inf orm: when the robot is confident about its next subgoal;

" command: if the robot anticipated the human and robot subtasks to interfere and

the human is at the pantry (i.e., the same domain knowledge used to specify the

compliance model for the communication decision-making framework); and

• to prevent repetitive communications, stay silent during the duration of inter-

ruption interval (he).
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The communication space (ARC) and the duration of interruption interval (he)

was identical for both the hand-crafted and POMDP-based approaches. I reiter-

ate that the planning for robot's actions and communications was done jointly for

the POMDP-based approach (i.e., in the treatment level corresponding to the com-

munication decision-making framework). The POMDP model for joint action and

communication decision-making included ~ 31 million states and 13 actions.

Procedure

Participants for the study were recruited at MIT campus, and the study protocol

was approved by MIT's institutional review board. The experimental procedure

was analogous to the procedure for experiments presented in the previous chapter.

After obtaining informed consent, participants were briefed about the robot, the

safety systems in place, and the collaborative task.

Each participant completed the task six times (two consecutive repetitions for

each condition) with the robot. The order of treatments was randomized across

participants. In addition, to alleviate novelty effects, the participants performed

a training trial at the start of the experiment session. Further, during each task

trial the robot indicated the start and end of the experiment by communicating a

pre-scripted message. The participants were administered a pre-experiment de-

mographic survey, three identical questionnaires during the experiment (one after

each condition), and an open-ended survey at the end of the experiment.

Dependent Measures

I evaluate the effectiveness of robot's communication using both objective and

subjective measures. Objective measures include the cumulative shared reward

(a composite measure of safety and collaborative efficiency) and task completion

times. Subjective measures, summarized in Table 5.3, assess participants' percep-

tion of safety and collaborative fluency. Subjective measures and comments were

acquired through the in-experiment and post-experiment questionnaires.
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Shared Workspace Task

Communication Task Number of
Decision-Making Time (s) Robot Comm.

Silent -292.2 ± 24.4 95.4 i 4.0 0 t 0
Hand-crafted -312.2 ± 19.5 98.7 ± 3.8 4.4 ± 0.1
POMDP-based -236.4 ± 11.2 88.4 ± 2.8 5.4 i 0.3

Table 6.1: Objective metrics of safety, collaborative efficiency, and communication
decision-making for collaboration in the shared workspace task (experiments with
human participants, N = 15).

6.11.2 Results

I next report the results of the study for interaction with 15 participants (5 male,

10 female, median age: 26 years). Six participants reported prior experience with

robots. The objective measures and number of robot communications, averaged

across the fifteen participants, are listed in Table 6.1. Table 6.2 includes the median

responses for the subjective measures. I evaluate the effect of the independent

variable on the dependent measures using nonparametric statistical tests.

Algorithmic computation of robot's communication policy outperforms both

the no communication and hand-crafted communication policies. I begin with

comparing the objective criterion stated in the problem definition, i.e., the cumula-

tive shared reward R(s, a). Averaged across the participants, the POMDP-based

framework for communication decision-making accrues a substantially higher

cumulative reward than both the baselines. The effect of robot's communica-

tion decision-making approach on the shared reward is statistically significant

(p = 0.01) as evaluated by the Friedman test, which rendered a Chi-square value

of 9.09. Through pairwise comparisons conducted using Wilcoxon signed-rank

test, I confirm that the reward accrued by the POMDP-based framework is sta-

tistically significantly higher than that accrued by both the Silent (p < 0.05) and

Hand-crafted policies (p < 0.01). Thus, the experiments provide evidence sup-

porting both the hypotheses HI and H2.
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Shared Workspace Task

Hand- POMDP-
Communication Decision-Making Silent crafted based

Collaborative Fluency

Q1 The robot was a good partner. 6 6 6

Q2 The robot and I worked well 6 6 6
as a team.

I am dissatisfied with how the 2 2 2
robot and I worked together.

The robot perceived accurately 5 6 5
what my goals were.

I trusted the robot to do the right 5 6 5
thing at the right time.

Safety

The robot kept a safe 6 6 6
distance from me.

Q7 The robot got in my way. 2 2 2

Q8 The robot moved too fast. 2 2 2

I felt uncomfortable working so 2 2 2
close to the robot.

Table 6.2: Subjective metrics of safety and collaborative fluency for collaboration
in the shared workspace task (experiments with human participants, N = 15).

The POMDP-based framework exhibits characteristics of effective information

sharing. As reflected in the objective measures and the supporting evidence

for hypothesis 1 (HI), the experiments confirm the utility of communications for

human-robot collaboration. Specifically, by effectively utilizing robot communi-

cations, the POMDP-based framework results in higher cumulative reward and

lower task completion times as compared to the Silent policy. However, as ob-

served by the inferior performance of the Hand-crafted policy, presence of a com-

munication modality alone is insufficient to improve collaboration.
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Instead, purposeful use of the communication modality is essential to realize

its benefits. Thus, as motivated in Sec. 2.5, the experiments also provide evidence

supporting the importance of effective information sharing for human-robot col-

laboration. Despite making only one more communication (on average) than the

Hand-crafted policy, the POMDP-based framework accrues substantially higher

reward. Further, the policy is algorithmically generated via a general framework

that is applicable for other collaborative tasks and communication modalities.

No statistically significant differences are found in the subjective measures,

possibly due to the difference in the task completion times across trials not being

perceptible for the participants. However, small difference in task times are highly

relevant for human-robot collaboration in the real world, e.g., for applications in

manufacturing and healthcare domains. Despite no statistical differences, the par-

ticipant's open-ended comments reinforce the need of effective communications.

In addition to the communications implemented in the study, the participants in-

dicated preference for "the communication back and forth", highlighting the need

for multiple communication types and bidirectional communication.

The interactions with human subjects also provide guidance for applying the

POMDP-based framework for communication decision-making to other collabo-

rative scenarios. For instance, during the experiments, at times the robot repeated

its communications to emphasize its effect. Depending on the requirements of the

task, this behavior may be emphasized or de-emphasized, as need be, by tuning

the cost model (e.g., the value of the interruption interval).

Finally, the design of the framework and its promising performance with hu-

man participants also lays the foundation for several near-term use cases as well

as long-term research directions. For instance, the framework is ripe for applica-

tions in other collaborative tasks (which can be described using the MMDP model),

novel domains, and with other communication modalities. In order to realize these

applications and improve upon the framework, future research investigations into

modeling human-robot communication cost as well as joint approaches for symbol

grounding and communication decision-making will be important.
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6.12 Summary

In this chapter, we discussed a novel decision-making framework that enables

robots to decide if, when, and what to communicate while performing sequential

and collaborative tasks with humans. The framework considers multiple commu-

nication types and jointly reasons about robot's actions and communications. In-

formed by the challenges of developing and deploying collaborative machines, the

model specification approach of the framework is both modular and hybrid. As

collecting communication-based interaction data is difficult in practice, the speci-

fication process enables merging modules learned from data with those obtained

from the developer's domain expertise.

Through experiments with human participants, I demonstrate the utility of

the communication decision-making framework for a human-robot collaborative

task with large state space and short planning time. By realizing effective com-

munications via hybrid model specification and online planning, the framework

provides enabling technical advances for the practice of human-robot collabora-

tion. Towards the theory of human-robot collaboration, I introduce responsivity

and extend the formalization of compliance to incorporate temporal, context- and

communication- dependent variations.
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Chapter 7

Conclusion

In this dissertation, I identified three opportunities of effective information sharing

for human-robot collaboration. By formalizing these opportunities as learning and

decision-making problems, I developed and presented modeling and algorithmic

advances to enable fluent human-robot collaboration. In this chapter, I summarize

these contributions of the dissertation. Finally, I conclude with a discussion of

a few future directions, which arise from my thesis research, for advancing the

theory and practice of human-machine interaction.

7.1 Summary of Contributions

In summary, the dissertation details the following contributions that leverage and

enable effective information sharing for human-robot collaboration:

e Agent Markov Model (AMM), a generative model of a Markovian agent's se-

quential decision-making behavior. The AMM describes the behavior of agents,

both human and artificial, whose decisions depend on both observable and la-

tent decision factors (e.g., mental states). The factored structure of the model

facilitates the specification of known parameters of the agent's behavior. Finally,

by modeling the conditional dependence among the agent's observable behavior

and latent model parameters, the AMM enables the development of algorithms

for joint learning of agent's dynamics and policy.
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" Constrained Variational Inference (CVI), a hybrid approach to learning genera-

tive models that can incorporate both (semi-)supervised data and constraints on

model parameters as learning inputs. Robot developers often possess domain

knowledge regarding human-interpretable AMM parameters (such as policy

and dynamics). CVI converts such domain knowledge to machine-interpretable

variational parameters and enables hybrid learning.

" A suite of Bayesian inference algorithms for learning the AMM that can uti-

lize different types of information - including sequences of observed behavior,

prior knowledge of agent's policy, and partial specification of agent's decision

factors and their dynamics. Inspired by the availability (or lack thereof) of differ-

ent input types while generating human teammate models, the algorithms are

developed and validated for a variety of cases: namely, (a) parametric and non-

parametric, (b) supervised, semi-supervised, and unsupervised, and (c) hybrid.

" Adaptive Collaborative with Reduced Labeling or ADACORL, a hybrid frame-

work to specify the robot's interaction policy with partially labeled data and the

developer's domain expertise. ADACORL, despite significantly fewer labels,

generates interaction policies that perform equally well or better than models

learned with supervised data. By leveraging algorithms for hybrid AMM learn-

ing and planning under uncertainty, the framework can generate robot behavior

for human-robot collaborative tasks with large state spaces (> 1 million states)

and short planning times (< 1 s).

" A framework for joint decision-making of robot's actions and communications

for sequential human-robot collaborative tasks. By following the hybrid specifi-

cation paradigm, the framework enables the developer to specify a model for the

robot's decision-making using both data and domain expertise. Using speech as

the communication modality, I demonstrate the framework in a task with multi-

ple communication types and short planning times. Through experiments with

human participants, I confirm the ability of the framework to enable effective

information sharing during human-robot collaboration.
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7.2 Future Directions

In summary, the contributions of the dissertation support my thesis that effective

information sharing between the robot developer, the human teammate, and the collabora-

tive robot is essentialfor human-robot collaboration and is enabled by the modeling and

algorithmic advances presented in this dissertation. The presented modeling and algo-

rithmic advances are, however, only a few pieces of the puzzle for answering the

motivating question:

How does one develop collaborative machines?

Specifically, many more opportunities of effective information sharing remain to

be seized for answering this question. In this final section of the dissertation, in-

formed by my research on effective information sharing, I highlight a few promis-

ing directions for human-machine collaboration research.

7.2.1 Taxonomy of Collaborative Tasks

The scope of the problems considered in this dissertation is limited to a subclass of

collaborative tasks, namely, tasks for human-robot dyads with discrete state space,

action space, and Markovian transitions. Extensions of this subclass are possible

across a variety of dimensions, including

" the number of members of the human-machine team, leading to research and

development for human-agent groups [40];

" prior training and coordination between the team members, leading to investi-

gations into novice versus expert teams; and

" knowledge available to the team members before and during the collaboration.

Even for teams with two members, one human and one machine, a taxonomy

of different subclasses of collaborative tasks remains to be developed. Such a tax-

onomy will be useful for formally understanding the applicability of (both existing

and prospective) models and algorithms for human-machine collaboration as well

as for computationally analyzing their coordination complexity.
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7.2.2 Merging Specifications with Experience

For the collaborative tasks considered in this dissertation, I further assume that the

developer has complete knowledge of the collaborative task. For instance, the so-

lutions for generating a collaborative robot's interaction and communication poli-

cies (cf. Chapters 5-6) require the developer to specify a task model.

A few natural extensions of this problem setting include generating robot poli-

cies in collaborative scenarios where the task specification itself is unknown, incor-

rect, or incomplete. Research on such scenarios will be crucial for enabling both

long-term and increasingly general human-machine collaboration. For instance,

solutions are required for designing collaborative machines that can

* support humans in the wild, where the developer's knowledge of the human-

machine team's environment may be incomplete or inaccurate [153];

* adapt their behavior as the objective of the task (i.e., the reward) or preferences

of the human teammate change during the interaction; and

9 collaborate with humans in tasks where the developer knows the task but finds

it too difficult or cumbersome to specify, resulting in an incomplete specification

of the collaborative task.

In a similar vein to ADACoRL, a hybrid paradigm that merges the developer

specifications with interaction data could address the challenges of unknown, in-

correct, or incomplete task specifications. For instance, such a hybrid paradigm

may be instantiated by fusing techniques for model-based planning (which uti-

lize developer-specified task models) with reinforcement learning (which enables

learning from machine's experience).

7.2.3 Realizing Characteristics of Effective Teams

As motivated in Chapter 2, research on human teams points to a variety of charac-

teristics of effective teams [14, 98, 128]. The problems discussed in this dissertation

are inspired by three of these characteristics - namely, modeling the teammate,

adapting to the teammate, and communicating with the teammate.
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Future investigations should explore modeling and algorithmic contributions

to realize other characteristics of effective teaming; for instance,

" engendering trust among teammate and team cohesion, especially during long-

term human-machine interactions;

* creating algorithmic strategies for conflict management, especially for teamwork

in resource-constrained domains; and

* creating strategies to explain, discuss, and understand coordination failures.

7.2.4 Human-in-the-Loop Machine Learning

The contributions of the thesis - specifically constrained variational inference and

its application to learning the teammate model - provide the building blocks

for human-in-the-loop machine learning with partial and high-level specifications.

Building on this contribution, novel approaches to human-in-the-loop learning are

possible that hold the potential to reduce sample complexity and to improve learn-

ing performance. Specifically, promising future investigations are possible along

the following three axes; namely,

" the model/parameter being learned;

" the inputs available from the human expert; and

" the expertise of the human in the loop.

Central to these investigations will be (a) theoretical developments in the area

of active learning; (b) novel hybrid algorithms that accept as inputs not only ad-

ditional labels but also high-level specifications; and (c) interactive systems that

enable humans and machines to communicate during the active and hybrid learn-

ing process. In addition to enabling human-machine collaboration in new settings,

these directions will have broad utility for learning generative models, transfer-

ring agent experience from simulations to the real world, and for enabling the use

of learning algorithms by non-programmers.
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