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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 teammate 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 CV]I, 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

e 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.

e 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-
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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



e 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.

e 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.
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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
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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, 137]. 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, 145], 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, 159]. 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.

31



.
B

Manual/Supervised
Spec. of the Decision-
Making Model

Developer-in-
the-Loop Spec.
of the Decision- .

Making Model
Manual Spec. of the

Interaction Policy

Collaborative Performance

-
!

Developer Effort

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.

32



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 [93].

2.51 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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Figure 2-5: Opportunity (denoted in blue) for improving human-machine collabo-
rative performance through effective information sharing.

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, 66]. 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.
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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:

e 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 = (sy, SR, Sg), in which sy and s correspond to human- and robot-
specific features, respectively, and sp denotes additional features (e.g., based on
the task structure and the environment);

e ApxAg denotes the set of joint actions @ = (ay,ar). Ay and Ag 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;

e () = Oy x Qg denotes the finite set of joint observations 0. Oy and Qg denote

the set of the human and robot observations, oy and oy, respectively.
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e The state dynamics are assumed to be Markovian and are governed by the tran-
sition function T(s'[s,a) : SxAXS — [0,1]. The transition function has the

following factored structure,
T(sls,a) = Tri(suls,a) - Tr(skls,a) - Te(sgls, a), (3.1)

where Ty, Tg, T are transition functions for the state factors;
e The team receives a shared reward at each step, R(s,a) : SxA — R;
e The observation function is denoted as O(0ls,4,s') : S X A x S x (3 — [0,1]. The

observation function exhibits the following factored structure,

O(ols,a,s') = Oy(ogls,a,s") - Or(or|s,a,s’) (3.2)

v € [0,1] denotes the discount factor; and

(optionally) t; € 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: sy (human position), sk (robot position),
and sg (map). Consequently, the transition models Tj; and Ty 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 Tg. For the static environment in the grid-world example, the transition model
of sg is given as follows: Tg(sk|s,a) = 1(s} = sg).

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 sy, sg, and their corresponding transition
models Ty, 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 sg. The transition model Tg 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 = Ty - Tg - 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 sy and sg) and the task completion can be measured using the task
progress sg, 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:

e By representing exactly two agents, the task model is designed for dyadic
human-robot interactions.

e 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:

e | 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.

e | 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 sy € Sy and the latent decision
factors as x;; € Xp. 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
ay 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 7y, which specifies a mapping

from the decision factors to the agent’s decisions ay.

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 (sy,ap)-tuples as the unsupervised behavioral dataset, since
it does not include data of human’s latent decision factors or mental states xp.
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
xy 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:

e an unsupervised behavioral dataset comprising of the agent’s observable deci-
sion factors (sy) and decisions (a);

e dynamics of the observable decision factors;

e (optionally) specification of the latent decision factors (xy);

e (optionally) labels and/or change-points of the latent decision factors (xp) cor-
responding to a subset of the behavioral dataset;

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

e (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-
tying 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, I 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:

e a specification of the human-robot collaborative task provided using the task
model described in Sec. 3.1.2;

e an unsupervised behavioral dataset comprising of the human teammate’s ob-
servable decision factors (sy) and decisions (ay);

e 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;

e a communication modality with developer-specified symbol grounding;

e an unsupervised behavioral dataset comprising of the human teammate’s ob-
servable decision factors (sy) and decisions (agy);

e 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, 1 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 (CMCQC)

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 € F. The input to the Markov
chain, also referred to as the decision or action, is denoted as a € 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.,

Tr = Pr(fesalfe,ar) = Pr(fialfot a0:t)- 4.1)

For a stationary CMC, both the state transition probabilities Tf and the initial
state probability by = Pr(fp) remain constant over time. The model parameters
(F,A,bf, Tr) and the state-action pair (f;, a;), completely specify the distribution

of the next state f; .

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 = a4, 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 € S), while others are
unspecified (representing latent/mental states x € X). This implies that, poten-
tially, neither the variable x nor the set X may be known to the observer. Note that
F=XxS.

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

Te(frealfeoar) = Ts(sevalse, ar) Te(xia|xe, 51, ar). (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: m = Pr(ai|f;) = Pr(a|fo:). Further,
the initial probability distribution of the unknown decision factor is denoted as
by, and the observable component of the initial state as sp. I term this gener-
ative model of sequential decision-making behavior, parametrized by the tuple

(X,S, A, by, Ty, Ts, 1), 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, |X|, and their dynamics
(the way in which the next goal is chosen), Ty, 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 m(as,x). The global variables T, and Ts specify
the probability for the next state given the previous state and the action, and b,

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 Ty. 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 7).
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Markov Decision Processes Inclusion of a reward function R within the AMM
describes an agent executing policy 77 in a factored Markov decision process (MDP)
given by the tuple (F, A, Ty, R) [115]. 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 (71). In contrast, the
AMM is designed for an observer agent seeking to infer and explain the decision-
maker’s policy (77) 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, by, Ty, Ts, ). An observer seeks to recover this true model, but has partial

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

o knowledge of the set of observable decision factors, s € S;
e knowledge of the set of agent’s actions, a € A;

e dynamics of the observable decision factors, Ts;
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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 (sf.y;, 4.y, );

¢ (optionally) knowledge of the latent decision factors, x € X;

e (optionally) labels of the latent decision factor for the complete or part of the
unsupervised behavioral dataset;

e (optionally) noisy change-point information regarding the latent state —i.e., the
indicator variable ¢; = I(x;;1 = x;) which is accurate with probability p,;

e (optionally) linear equality or inequality constraints regarding some elements of
the agent’s policy (i.e., partial knowledge of 71) and the transition function of

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

Thus, formally, the problem of learning the decision-making model corresponds
to learning the full AMM tuple given the partial tuple (-, S, 4, -, -, T, -), 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, |X|, 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 Ty. 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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Problem Variant

Parametric Nonparametric
Inputs 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 7, T 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:

e Parametric AMM Learning: The set of all decision factors (i.e., both observable
S and latent X) is known.
e 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:

e 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.

e 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, -, -, Ts, -) 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 1, = | X|, 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 B, can be obtained using a stick-breaking construction with hyper-parameter -,

ie.,

B(-) ~ GEM(7) (4.3)
Ty(-|x,s,a) ~ DP(a-B), V(s,a)andx=1,2,--- (4.4)

The rows of the transition function Ty are also generated using a Dirichlet pro-
cess (DP) with base distribution  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 by.

In addition to the priors for the latent states and their dynamics, the model
includes a prior for the policy 7(als, 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,

mt(als, x) ~ DIRICHLET(pq,4)), VY(s)andx =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 ( Ty, by, 71, B), local hidden

variables (x(.n ), observations (so.x and ag.y) and hyper-parameters (&, 7y, o).

06



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 [61], here, I provide a mean-
tield 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={x{.n }', s={s{.y }', a={afy }'. The posterior distribution of the
hidden variables of the iAMM is then denoted as p(x, Ty, by, 7, B|s,a). Mean-
field inference approximates this posterior by the product of variational factors
q(x)q(Tx)q(bx)q()q(B) — ie., 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 £;

p(xr TX/ bx/ 7“[, ﬁ’sl a)

"[500q(T)a(bx)a(m)q(B) (46)

L(q) =

Due to the mean-field assumption, this optimization problem can be solved by
iteratively optimizing and updating the parameters of the local g(x) and global
q(Tx),q(bx),q(7),q(B) variational factors. Following Hoffman et al., I use the nat-
ural gradient ascent optimizati;)n 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, 1

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., g(x)=0 if any

x > K. The mean-field update for the local variational factors is given as follows:

q(X) x eXP(IEq [ln p(xl data‘TXI bXI T, ,BI TS)]) - HiQ(xi) (4.7)
q(xi) x exp (lEq [ll’l p(xé:N’ SB:N’ Q{):NlTx, bx’ T, ﬁl TS)])
o< exp (Eq[In p(xg.n, oo, Agon| T b, 7, T5)])

= P(xf):N/ SB:N/ aé:N|TXI EX/ 7T, Ts)/Zi (4-8)
N;—1
ocexp(lnbx )+ 2 (InTy( rt+1|xt,st,at)+

InTs(s] s} ) + In (a1} 1))

The tilde denotes the operator A= exp(EE,(4)[In 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 O(NK?) time.

Ft ;) = Pr(xi=j, s0:t, a0:t) (4.9)
= Z( 1k Tx(ilk, st -1, ai-1) Ts(se|s¢—1, a1 7 (atlj,st)) (4.10)
Bty = Pr(st41:N, A141:N[Xt=], S0t A0:t ) ' (4.11)
= Z ( (t+1 k)T (klj, st, a1) Ts(sesalse, an) 7 (ﬂt+1|k,5t+1)) (4.12)
Fo,) = bx()7(aolj,s0)  Bnjy =1 (4.13)
=2 Fn). (4.14)

J
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Global Variational Factors

The direct assignment truncation allows us to represent the base distribution as
B = (B1:x, Brest), where Bi.x represents the probability of the first K states and
Brest =1 — ZkK:1 Bi represents the probability of truncated states. Further, it results
in a Dirichlet prior for the rows of Ty and b, given as DIR(a-(B1.k, Brest)). 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(As;) (4.15)

In order to update the global parameters, expected statistics are necessary with
respect to the local factor g(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:

ZQIZ]?(sa = Eg2il [xt11=k, x1=],51=5, ar=a] (4.16)

=Y FojTs(st41ls,a)Tu(klj, s, a) A (a1 |k, ") By 110y / Z (4.17)
n

Given the expected transition counts and conjugacy, the global variational pa-

rameters are updated by maximizing the evidence lower bound (ELBO),

Ajsa = argmax £ (A Eqlyg] =(o -+ 1.3,)) (4.18)
L(A) = (Eylng]—A)- VaInB(A) + In B(A) + const. (4.19)

B(A) represents the multivariate Beta function, and In 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:

Ajsg & (- B+1"%) (4.20)

-jsa
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This update in the variational parameter Aj, 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.,
ATy
)\jsa —v(a-B+ “.]’sa) + (1 - Vt)/\jsa (4.21)
with the sequence of step size v; satisfying the properties: ¥_,v; = o0, Y17 < c.
Due to the presence of conjugate priors, analysis similar to q( Ty ) follows for up-

dating g(byx) and g(71). However, different expected statistics are required, which

are computed as follows:

ﬁ?x = Ejxl[xo=j] = Bo,;/Z (4.22)
f‘g/s = Ey g Lelllar=a, xi=j, s1=s] (4.23)
— ZtFt,jBt,j][[ﬂt—_—ﬂ, St—_—S] /Z (424)

In order to obtain a variational estimate for B, following [61], a point estimate 8*
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 segs. of (s,a)-tuples
Parameters: Partial AMM tuple (S, A, Ts), and hyper-parameters (a, v, p, K)
Result: Posterior for 71, Ty, by, and N segs. of x
1 Initialize the global variational parameters
2 repeat
3 for each execution trace in the dataset do
a | Update the local variational parameters
5
6
7

end
Update the global variational parameters

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 (714, Ty, bx) and infer their posterior Pr(ma, Ty, by|-) 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 (T, by ). Specifically, I use the following parametric priors

for the latent state distributions,

by(+) ~ DIRICHLET(«) (4.25)
Tx(:|x,s,a) ~ DIRICHLET(&), V(s,a)andx =1,2,---,|X]| (4.26)

where « 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,
7t(als, x) ~ DIRICHLET(py.14)), V(s)andx=1,2,---,|X] (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 (x4) 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
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Algorithm 4.2: Blocked Gibbs sampler for the Bayesian AMM

Data: N seqs. of (s4,a4)-tuples
Parameters: Partial AMM tuple (S, X, A, Ts), and hyper-parameters («, p)
Result: Samples for 74, Ty, by, and N seqs. of x4
1 Initialize 714, Ty, by, and x4 randomly
2 repeat
3 Sample initial distribution, Pr(by|xa, data; a)
4 | Sample transition model, Pr(Tx|xa,data; a)
5 | Sample policy, Pr(7ty|xa, data; p)
6
7

Sample latent states, Pr(xa |data, Ty, by, 7Tg)
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 (714, Ty, by ), utilizes the counts of inferred la-
tent state sequences xa. For sampling Ty, I define 1,4, as the count of transition
from latent state x4 = i to latent state x;l = j for action a4 and observed state s 4.
Both i and j range from 1 to |X4|. The conditional distribution of Ty is given as:
Ty(-|xa,54,a4) ~ Dirichlet(nysq. + &¢). The sampling of initial distribution follows
similarly, and depends on the initial counts of latent states in the data. Condi-
tional distributions for 7y 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 iIAMM, 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 |X|. However, for the Bayesian AMM the number of latent states
|X] 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 = |X|.
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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 Ty-prior is a
Dirichlet distribution (and not a Dirichlet process), the global update equations

(Eq. 4.18) are modified as follows,

Ajsa = arg/{naxﬁ(/\; E,[ne]=(a + ﬁT"Sa)) (4.28)
Ajsa ¢ (a +217) (4.29)

Further, B 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 (by, Tx, 7), 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 = | X].

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 1,

Pler=1|xp1=xt)= P(c1=0x;117xt)= pc (4.30)
P(cr=1xs41=x1)= P(c;=0[xs 117 %)= (1 — pc)

where p. 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 sulfficient statistics u are derived as follows :

q(x') = p(xb.n, shns abns Chon | Tes by, 7, T, ) (4.31)

F(t,j) = Pr(x1=j,50.t, 0:t, C0:t—1) (4.32)
= YaFi-1p) Te()Ts () () (e k. f)

By = Pr(st 1:n, 81+ 1:N, €N —1|X1=], S0:t, A0:t ) (4.33)

= Y Brs1 T () Ts () A ) (cef, k)
ﬁ’zfxsa ZfF(t‘,j)TS(')~x(‘)7~T(')B(t+1,k)1/)(ct|]'zk)/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
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