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As human-robot teams become more prevalent in domains such as disaster response, au-
tonomous transportation, and large-scale logistics, a central challenge is enabling humans to ef-
fectively interpret and predict the behavior of robotic agents. While advances in autonomy have
improved robotic coordination, human teammates often remain limited by cognitive constraints
when attempting to understand complex, dynamic systems. This creates a critical bottleneck in
collaboration: as the number of agents increases or environments become more complex, human
oversight and decision-making become increasingly difficult. Addressing this challenge requires
approaches that support human understanding without sacrificing the flexibility or autonomy of
robotic algorithms.

Existing work in human-robot interaction has largely focused on improving transparency
through explanations, visualizations, or communication interfaces. However, these approaches of-
ten emphasize increased communication rather than the collective structure of the system. What
remains underexplored is how the behavior of a robotic system itself can be intentionally shaped to
make it more interpretable to human observers. Specifically, little is known about whether intro-
ducing higher-order behavioral patterns into human-robot teams can reduce perceived complexity
and improve human predictive performance.

This thesis investigates whether patterning can enhance human understanding in human-

robot teams by restructuring how complex group behavior is perceived and processed.
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3.1 Normalized game scores and p-values obtained via Tukey's HSD for each pattern-
based group compared to the baseline Reward-Maximizing group. There were no

signi cant di erences between the PACT and Median groups for normalized scores

across all rounds
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A patrticipant plays a collaborative block-selection game with a robot. By using
PACT to augment its planner, the robot's actions are more predictable to the par-
ticipant over multiple episodes and multi-task time horizons, and the robot is viewed
as a better teammate. . . . . . ... 17
In this illustration of the PACT algorithm, we use a scenario in which a natural
disaster has occurred in a coastal town. Critical infrastructure must be checked
for damage, and an autonomous drone as well as a human team on the ground are
tasked with damage assessment. In this time-sensitive task, communication between
the drone and humans is limited. Each location indicated on the map has features
used by PACT: whether the location contains humans that sheltered in place (red),
the type of infrastructure (blue), and the likelihood the location is ooded (green).
This scenario does not consider the distance traveled by the drone to be a constraint,

but such constraints can easily be added to guide PACT's pattern-selection. . . . . . 22
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3.3 In this example, we describe the formation of Rules and Patterns from the scenario

in Figure 3.2. The left column shows the three features of each location we are

using (human presence, infrastructure type, and ood risk), and the possible values

for each feature. The center column shows the ways Rules can be constructed from

features by imposing an ordering on the possible values of a feature. The right

column shows how a Pattern is constructed by applying one or more Rules. Note

that Patterns may not have con icting Rules; we choose at most one rule per feature. 23
3.4 For each Pattern, a Pattern Tree is constructed to easily identify all allowable or-

derings of subtasks. In this Pattern, the rst subtasks are those locations that are

low ood risk and have no humans sheltering in place (B,G). The second allowable

subtasks are the remaining low risk, no human locations, which are appended to the

tree. All allowable orderings of length 2 can thus be obtained by traversing the tree

to depth 2. For the third subtask, there are no remaining low risk locations with

no humans, so the low risk locations with humans are selected (D). There are no

medium ood risk locations that do not have humans, so the fourth possible sub-

tasks are those that are of medium risk with humans. The tree is constructed in this

manner until it reaches a depth equal to the number of subtasks. . . . ... ... .. 24



3.5 This gure illustrates how the second term of the score in Eq. 3.1 is calculated for
a given Pattern (the same Pattern shown in Figure 3.4) when i = 3. First, the
possible orderings of length i 1 are identi ed for the given Pattern, seen in the
left tree. There are two possible subtask orderings of length i 1, highlighted in
red and blue. However, these orderings are not unique to this Pattern. There may
be other Patterns in the Pattern Bank that share these orderings of length i 1.
Two such Patterns are shown here, with the matching orderings circled. If a human
partner observes the robot going to B then G, they cannot distinguish between the
Pattern the robot is following and these other Patterns. The (starred) children of
these shared orderings are extracted from all Patterns in the Pattern Bank, and the
entropy over this group is calculated. For this group of three trees, the group would
be (D, D, F, F, D, D). o v v oo e e e e

3.6 The layout for the collaborative game. Nine blocks, each with a color, shape, and
reward value are placed on the grid. Only the robot has knowledge of the rewards.
Both players secretly select a block by color and shape, and if they coordinate, the
robot removes a block fromthegrid. . . . .. ... ... ... ... .. .. ...,

3.7 There were signi cant improvements in PACT Pattern participant belief that the
robot selected the right block for the team over the Reward-Maximizing (p = 0:0353)
and Median Pattern (p = 0:0493) groups, as well as if the participants believed a
human partner would have led to greater success. (Reward-Maximizing p < 0:004,
Median p<0:009). . . . . . ... e

3.8 Using PACT led to signi cant improvement in team uency over baseline (p =
0:0178), as well as perceptions of robot likeability over the Median group (p < 0:05).

3.9 Participants in the group that engaged with a robot using PACT made signi cantly
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37

fewer mistakes than the baseline group across all three rounds (p = 0:0003; 0:0042; 0:0005),

whereas the Median group only made signi cantly fewer mistakes in two rounds

(P=0:0047;0:1138;0:0053). . . . . . i e e e

38



3.10 Participants in the PACT Pattern (p < 0:0001) and the Median Pattern (p =

4.1

4.2

0:0001) both found the robot signi cantly more predictable than the baseline. Both
groups also found the robot's behavior more understandable than the baseline group.
(PACT p = 0:0003, Median p = 0:0097) Only the participants who used PACT felt
the robot would be broadly understandable to people when compared to the baseline

(p = 0:0009) as well as the Median Pattern group (p=0:0441). . . ... .. .. ...

An overview of pattern-driven behavior. Pattern-infused behavior bridges

the gap between machine optimality and human predictability. Standard reward-
maximizing policies (left) often produce behaviors that, while performant, create
an expectation mismatch for human partners. Patterned behavior (right) addresses
this by injecting observable, repetitive patterns into the robot's motion. By optimiz-
ing the trade-o between a predictability cost that maximizes repeated behavioral
structures and a deviation cost that minimizes divergence from an optimal policy
rollout, we nd improved objective and subjective measures of predictability and
team performance with only a bounded loss in task performance. . . . ... .. ..
Annotated screenshots from the user interface of the online study. Par-
ticipants must predict a robot's path by drawing on a map. Each round consists of
a sequence of trials that progressively reveal more of the robot's actual path from
start to goal (white) in 16.67% increments, beginning with none of the path re-
vealed. (Left) Participants draw a path prediction predicting the completion of the
path (red). (Right) Participants were scored based on the accuracy of their path

predictions to the ground truth path actually taken by the robot. . . . . . ... ..
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XV

Agents exhibiting patterned motion were perceived as signi cantly more
predictable according to both quantitative and qualitative measures. Par-

ticipants in the patterned condition were signi cantly more accurate at predicting the
remainder of the trajectory in every prediction. These participants self-reported sig-
ni cantly higher scores for the robot being predictable (p < 0:005;M; =5:33; M, =
2:99;d = 2:19) and understandable (p < 0:005; M =5:34; M, = 2:89;d = 2:14) than
participants did in the optimal motion condition. Participants also self-reported
lower cognitive fatigue scores when interacting with a robot using patterned motion
(p < 0:005;M1 =8:58;M, = 11:72;d = 0:66). When prompted between rounds for
their understanding of the robot's decision making process, participants who saw
patterned paths rated their understanding as signi cantly higher than those in the
optimal condition for all rounds (p < 0:005;M ; =5:33; M, =3:40;d=1:18). . . . .. 54
Repeatedly asking participants to predict the same trajectory with in-

creasing amounts of information uncovered a novel e ect of human-aligned
trajectory optimization: participants in the patterned condition had more

stable predictions. Participants were asked to predict the robot's trajectory six
times in the same environment, each time with more information. Participants in
both conditions adjusted their predictions of the robot's behavior throughout the
round, but the patterned condition participants were signi cantly more stable in their
perception of the robot's trajectory (p < 0:005; M = 25:04; M, = 38:43;d = 0:31)
| meaning their predictions changed much less. As shown in Figure 4.3, partic-
ipants seeing patterned behavior subjectively indicated higher con dence in their
understanding of the robot's decision making process, quantitatively a rmed here
through their behavior. As their initial intuition about how the robot would ap-
proach the goal was correct, more information reinforced their beliefs rather than

challenged them. . . . . . . . . . e e e 55



4.5

4.6

A step-by-step example of the rock retrieval task in the virtual reality
simulation. At the start of the round, two markers are visible to the participant. A
red marker indicating the goal location is always present. A white marker indicates
the location of the sample that the Spot robot has agged for retrieval. When the
participant departs from Spot and begins the retrieval (2), they may look back to
check on the robot's location. When the sample is outside of the participant's eld-
of-view, an arrow appears indicating where the participant should turn to nd it.
In panel 3, the sample is visible along with the robot's goal. Once the participant
retrieves the sample, the marker disappears (4) and they must return to the robot.
The robot location is not indicated by a marker; participants must predict where
the robot is and nd it within the environment (5). . . . . . . .. ... ... ... ..
Participants in the patterned condition traveled along more direct paths

when implicitly predicting the robot's location. This gure compares two

di erent robot behaviors in the same environment. In both cases, participants begin
in the same place and the robot has a similar starting location. The initial predic-
tion of the patterned group participant is correct, but the optimal group partici-
pant's is not. As in this example, participants in the patterned condition generally
traveled along signi cantly more direct paths as compared to the optimal group
(p = 0:009; M1 = 13:84; M, = 29:19;d = 0:25). Here, the optimal group partici-
pant makes an incorrect prediction at the start of the rendezvous and struggles to
rectify this, taking over three minutes (t = 197s) to locate the robot in the virtual
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4.7

4.8

51

Participants in the pattern condition were better at predicting the robot's

behavior, and did so with less cognitive fatigue. Between rounds of gameplay,
participants were surveyed about their cognitive fatigue and understanding of the
robot's decision making process. After three rounds of working with the robot in
complex environments (approximately 12 minutes), participants in the patterned
condition were signi cantly less fatigued and rated their understanding of the robot
signicantly higher. . . . . . . . . . . ...
Participants in the patterned condition in the VR experiment found the

robot signi cantly more predictable and understandable than participants

in the optimal condition. Participants who worked with the robot using patterned
motion rated the robot signi cantly more positively as a teammate than participants
in the optimal condition, agreeing more strongly that the robot picked the best path
for the team and that the robot was a team player. Additionally, participants who
interacted with the robot in the pattern condition thought the team worked more

uently together, and agreed that the team was working toward a shared goal.

Conceptual illustration of the intervention process. Agents initially move
independently toward individual goals, requiring observers to track multiple distinct
trajectories. The intervention identi es subsets of agents with su ciently aligned

motion and groups them into higher-order units based on shared directional struc-

ture. This intervention also changes how close agents get to another, and what

shape the group takes. By representing coordinated agents as collective patterns

rather than separate entities, the system reduces the e ective number of agents that
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must be considered, enabling a more compressed and tractable representation of

complex multi-agent behavior. . . . . . . . ... L
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Conceptual illustration of e ective agent count (N eff ) @S a measure of
structural compression. Agents moving in su ciently aligned directions form
decentralized groups, allowing multiple physical agents to be represented as a single
functional unit. N ¢+ is de ned as the number of such active groups at a given
timestep. A lower Ng¢s indicates greater structural compression, re ecting a reduced
number of e ective units required to represent system behavior. This metric provides
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A screenshot from the user interface of the study. Participants must predict
each robot's path by drawing on the environment. Each round consists of a sequence
of trials that progressively reveal more of the robots' actual paths from start to
goal (color-coded) in 16.67% increments, beginning with none of the path revealed.
Participants draw a path prediction predicting the completion of the path. . . . . . . 91
Coordinated grouping provides inconsistent reductions in root mean square
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e ects became more pronounced as scenario complexity increased. This pattern
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Chapter 1

Introduction

Robots are becoming increasingly capable of operating alongside humans in complex, dynamic
environments, creating new opportunities for collaborative human{robot systems. As these systems
grow in scale and autonomy, designing interactions that humans can readily interpret and coordi-
nate with becomes an increasingly important challenge. This dissertation explores how structured
behavioral patterns can improve predictability and reduce e ective complexity in human{robot

teams, enabling more scalable and intuitive coordination.

1.01 Motivation

Human-Al teaming is fundamentally shaped by a persistent tension between machine opti-
mization and human cognition. Autonomous systems can generate highly e cient behaviors, but
these behaviors are often di cult for people to understand, anticipate, and coordinate with because
they are not grounded in the same cognitive mechanisms humans use to interpret the behavior of
other humans. People rely on heuristics, patterns, and mental models to make sense of behavior,
rather than solving complex optimization problems[45, 85, 1]. As a result, even highly capable
autonomous systems can appear unpredictable to human partners, creating a \predictability gap"
that degrades trust, coordination, and overall team performance. This challenge is not unique to
robotics, but re ects a broader issue in human-autonomy interaction: across domains, machine-
optimal actions can con ict with human expectations and make collaboration more di cult.

In human-robot interaction, this problem is especially acute because e ective teaming de-



pends on a human's ability to form an accurate mental model of their robotic partner. A mental
model, a cognitive structure that organizes knowledge about how a system or person functions,
enables a person to infer the robot's intentions, anticipate its future actions, and adapt their own
behavior accordingly[56, 125, 122]. Prior work has consistently shown that predictable robot be-
havior improves trust, uency, and team e ectiveness, while unpredictable behavior can hinder
performance even in simple tasks[27, 36]. Although substantial research has focused on improving
a robot's ability to predict and adapt to human actions, less attention has been given to the in-
verse problem: enabling humans to better predict robots. Yet mutual predictability is essential for
collaboration, and this remains a critical technical and cognitive gap.

This gap can be understood by comparing human-robot teams to human-human teams.
Humans routinely coordinate e ectively in complex collaborative tasks because they share common
cognitive tools for interpreting behavior, including heuristics, pattern recognition, and sensitivity
to repeated structure[45, 40, 3, 78, 85, 1, 68, 80]. These mechanisms allow people to quickly identify
intent and anticipate future actions, and help to form an individual's mental model[56, 80, 40, 3]. By
contrast, robots usually generate behavior through optimization-based methods that fundamentally
di er from how humans reason. Reinforcement learning and related approaches are highly e ective
at maximizing task reward, but they typically prioritize locally optimal actions without explicitly
considering how the resulting sequence of behavior will be perceived by a human observer. Because
these methods are often rooted in Markovian assumptions and immediate reward maximization,
they can produce behaviors that are e cient but di cult to interpret as a whole. Additionally,
information asymmetry, which is inherent to human-robot interaction, complicates this further, as
humans and robots are reasoning over di erent data.

This thesis argues that improving human-robot teaming requires a shift in design philosophy:
predictability must be treated as a primary design objective rather than an incidental property of
e cient behavior. Speci cally, this work is motivated by the hypothesis that embedding human-
perceptible structure into robot behavior can signi cantly improve a human teammate's ability

to understand and anticipate the robot's actions, even if doing so requires suboptimality on the
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part of the robot. Rather than viewing patterns as constraints that reduce e ciency, this thesis
frames them as tools for cognitive alignment within the context of human-robot teaming. The core
premise is that autonomous systems should not only act e ectively, but should behave in ways that
are predictable to the people working alongside them.

To support this argument, this thesis explores how patterns can be explicitly encoded into
robot decision-making. Humans are deeply adept at recognizing and using patterns across domains,
from visual sequences to temporal rhythms, and this capacity o ers a powerful opportunity for
improving robot predictability[95]. By structuring robot behavior around patterns created from
human-perceptible features such as object properties, task order, or spatial structure, it becomes
possible to generate behaviors that are easier for humans to model and anticipate. This thesis
introduces methods for identifying and selecting patterns at the task and navigational levels, as
well as on a group level, allowing robots to preserve strong task performance while improving
transparency and coordination.

More broadly, this work advances a framework for reconciling the strengths of machine op-
timization with the realities of human cognition. By integrating human-centered structure into
planning and control, this thesis contributes toward a broader vision of autonomous systems that
are understandable, trustworthy, and e ective partners in shared environments by centering human

cognition and reasoning.

1.0.2 Research Questions

In collaborative settings, humans rely extensively on shared knowledge and models to co-
ordinate behavior. A key mechanism that simpli es collaboration is the presence of patterns:
predictable sequences of actions that people can identify, learn, and generalize across contexts [95].
Humans are deeply adept at recognizing patterns, and this ability plays a central role in how
they interpret behavior, infer intent, and form expectations about what others will do next [80]. In
human-human teams, this shared reliance on patterns and conventions supports uent coordination

even in dynamic and uncertain environments[56, 125, 122].
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A central premise of this dissertation is that these same cognitive mechanisms can be leveraged
to improve human-robot collaboration. If humans naturally rely on patterns to understand and
predict others, then robot behavior that is structured around perceivable patterns may be easier
for people to interpret and anticipate.

This motivation gives rise to three core research questions. First, how can patterns be for-
mally represented in the context of robotic planning? While humans intuitively recognize patterns,
robotics lacks a principled framework for de ning, measuring, and reasoning about the kinds of
structure that are meaningful to people. Addressing this question requires translating the abstract
concept of a pattern into a computational representation that can be embedded within planning
and control systems.

Second, once patterns are formalized, how can robot behavior be adjusted to follow them?
Existing planning and control methods are typically designed to optimize e ciency, safety, or
reward, often without regard for how the resulting behavior is perceived by a human observer. Yet
e ective teaming requires robots to reason not only about task success, but also about the structure
of their actions over time. This dissertation therefore examines how patterns can be incorporated
into robotic decision-making in a principled way, enabling robots to produce behavior that remains
e ective while becoming more consistent, interpretable, and predictable.

Third, how does patterned robot behavior a ect human ability to predict robots and team
performance? The central hypothesis explored throughout this dissertation is that embedding
perceivable structure into robot actions can improve a human teammate's ability to form accurate
mental models, anticipate future actions, and coordinate more e ectively. This raises broader
guestions about the tradeo between predictability and task performance: how much structure
is needed to meaningfully improve teaming, what kinds of patterns are most useful, and whether
modest sacri ces in individual robot e ciency may produce disproportionately large gains in team
uency.

Taken together, this dissertation investigates how the human cognitive strength of pattern

recognition and abstraction can inform the design of autonomous systems. By examining how
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patterns can be formalized, embedded into robot behavior, and evaluated in the context of human
teaming, this work aims to advance a broader vision of autonomy that is not only capable and
e cient, but also understandable, predictable, and well aligned with the people it is designed to

support.

1.0.3 Contributions

This thesis investigates how human-perceptible patterns can be used to improve coordination
in human-autonomy teams. The rst two works make foundational contributions by formalizing
patterns as a mechanism for shaping autonomous behavior in two complementary settings: dis-
crete task planning and continuous control. In the discrete domain, we introduce Pattern-Aware
Convention-setting for Teaming (PACT), a lItering algorithm that enables embodied agents to
adopt human-perceptible behavioral patterns that improve predictability during collaboration. In
the continuous domain, we develop PRESTO, a framework that formalizes patterned behavior in
continuous action spaces and explicitly characterizes the tradeo between predictability and opti-
mality. Together, these works establish both the algorithmic foundations and empirical evidence
needed to understand how structured, human-legible behavior can improve team performance.
Building on this foundation, the nal component of this thesis extends these ideas to multi-agent
systems, exploring how social patterns such as dynamic grouping can improve predictability, reduce
cognitive load, and increase the number of autonomous agents a human can e ectively manage.

Our results demonstrate that incorporating pattern structure into robot behavior yields sub-
stantial benets. Using PACT, robots become more predictable to human teammates, leading
to improvements in both objective team performance and subjective perceptions of the robot.
These ndings support the broader hypothesis that aligning robot behavior with human cognitive
strengths enables people to more readily infer intent, understand decision-making processes, and
generalize behavior across contexts. More broadly, this work highlights the value of designing au-
tonomous systems that are not only e ective, but also cognitively compatible with their human

partners.



To more deeply understand the relationship between predictability and performance, we
leverage PRESTO as a scienti ¢ instrument to explicitly characterize this tradeo . Our experiments
reveal a striking result: modest, bounded sacri ces in optimality can produce disproportionately
large gains in team uency. We provide the rst direct empirical measurement of this e ect in the
context of reinforcement learning policies, demonstrating that predictability plays a central role in
e ective human-autonomy interaction.

Across two human-subject studies, we uncover several key principles. First, we observe
a decoupling between perceived intelligence and behavioral complexity, challenging the common
assumption that more complex or mathematically optimal behavior is viewed as more intelligent
[118, 113, 7, 53, 86]. Second, by tracking participant predictions over time, we provide quantitative
evidence that patterned behavior supports the formation of more stable and accurate mental models
of an autonomous partner|an essential component of e ective team cognition. Together, these
ndings suggest that predictability, rather than raw optimality, is the primary driver of uent
human-autonomy teaming.

Finally, we extend this perspective to more complex, multi-agent settings. As the number of
agents increases, so too does the cognitive burden placed on human collaborators. Incorporating
pedestrian-inspired patterns does improve the ability of participants to predict agent paths, but
only under higher-complexity circumstances, when the grouping patterns signi cantly reduce the
number of agents people are building mental models of, as groups can be modeled as a singular
agent.

Taken together, this work establishes a unifying perspective: patterning is a powerful mech-
anism for shaping robot behavior in ways that align with human cognition. PACT demonstrates
how patterns can be introduced in discrete task spaces, while PRESTO extends this framework
to continuous domains and formalizes the balance between predictability and optimality. Building
on these foundations, we explore how social patterns can be leveraged in multi-agent systems to

further enhance human-autonomy teaming and reduce cognitive load.



1.04 Roadmap

This dissertation is organized as follows. Chapter 1 introduces the central research problem
of improving coordination and predictability in human-robot teaming, and outlines the key ques-
tions, motivations, and contributions that guide the dissertation. It also provides an overview of
the broader challenges in designing robotic systems that are both e ective and legible to human
collaborators.

Chapter 2 presents the necessary background and related work. This chapter reviews prior
research in human-robot interaction, shared autonomy, convention formation, legibility and pre-
dictability of robot behavior, and multi-agent coordination. It also establishes the theoretical
foundations and technical tools that motivate the approaches developed in this dissertation.

Chapters 3 through 5 each present a core research contribution in the form of a published or
submitted paper. Chapter 3 introduces the rst work, which focuses on formalizing patterns at the
subtask-planning level as well as validating the use of patterns in human-robot teaming, including
the problem formulation, proposed method, and experimental evaluation. Chapter 4 builds on
this foundation by addressing the formalization of patterns in the continuous space as well as
the balance of patterning predictability and optimality, extending the framework to navigation.
Chapter 5 presents the nal work, which investigates the use of pedestrian patterns in multi-agent
supervision.

Finally, Chapter 6 concludes the dissertation by summarizing the key ndings across all three
projects, discussing their collective implications for human-robot teaming, and outlining promising
directions for future work. Together, these chapters demonstrate a progression from foundational
concepts to increasingly complex and realistic collaborative settings, advancing the design of robotic

systems that better support human partners.



Chapter 2

Background and Related Work

As human{robot teams grow in scale and autonomy, people must increasingly interpret and
predict the behavior of agents in a variety of contexts. Prior work in human{robot interaction and
cognitive systems has shown that e ective coordination depends on the human's ability to form
accurate mental models of collective behavior, yet these models are less accurate with robots and

become increasingly strained as environmental and system complexity grow.

2.0.1 Human-Robot Teaming

Human{robot teaming as a sub eld focuses on how humans and robots coordinate as inter-
dependent partners to achieve shared goals. Rather than treating robots as tools or isolated agents,
this line of work emphasizes joint action, mutual adaptation, and the development of shared men-
tal models[108]. E ective teaming depends on the robot's ability to communicate intent, respond
to human behavior, and maintain transparency in its actions, as well as the human's ability to
anticipate and appropriately rely on the robot[116, 50]. Prior research has explored factors such
as trust, uency, and coordination e ciency, showing that teams perform best when interaction
feels predictable and aligned, with both partners contributing in complementary ways[34, 116, 77].
This has motivated approaches that enable robots to exhibit legible behavior, communicate internal
state, and adjust autonomy dynamically in response to human needs[31, 82, 28].

While much of the human{robot teaming literature has focused on one-to-one interactions,

extending these principles to multi-agent settings introduces additional complexity. In teams in-



volving multiple robots, humans must reason not only about individual agents but also about
how those agents coordinate with each other as a collective[32, 8, 12]. This can strain the forma-
tion of shared mental models and complicate trust calibration, as system behavior becomes more
distributed and less transparent[12]. As a result, there remains a gap in understanding how to
design robot teammates that are not only functionally e ective but also cognitively aligned with
human partners, particularly in terms of enabling scalable understanding and prediction as system
complexity grows.

Much of the recent work in human-robot collaboration focuses exclusively on improving the
performance of the robotic agent or its mental model of humans. Works that attempt to predict
human actions or their path directly have seen success within the environments they tested in
[98, 39, 42]. There has also been a signi cant e ort to adapt successful methods in competitive en-
vironments to collaborative environments [58, 17, 111, 52], though this is very di cult. Approaches
that are highly e ective in competitive environments are challenging to adapt to collaborative en-
vironments [51]. What makes many self-play approaches successfulla policy that is convoluted
and di cult for opponents to counter|is a drawback in collaborative settings. What results is a
large drop in performance when trained agents are tested with humans rather than other agents
[106, 58]. These approaches also do not capture the full scope of human collaboration within their

environments [51].

2.0.2 Predictability and Legibility

In this thesis, we de ne predictability as \the quality of matching expectations”, which is
directly taken from foundational predictability and legibility work [31]. Going forward, it is critical
to de ne and di erentiate predictability and legibility. Predictability and legibility describe two
complementary aspects of how humans interpret robot behavior, and the distinction is framed
around the direction of inference between goals and actions. Legibility refers to how easily a
human can infer the robot's goal or intent from observing its actions. By contrast, predictability

refers to how easily a human can anticipate a robot's future actions once the robot's goal is known.
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As mental models encode human expectations, creating robot behaviors that are more easily
modeled by humans (creating autonomous systems that act predictably) is a prerequisite for ef-
fective human-robot collaboration [65, 31, 27, 71, 36]. Use of conventions (consistently performing
an action in a given context) has also been leveraged to facilitate improved human-robot collab-
oration [92, 2, 41, 73, 20], and similarly relies on humans recognizing repeated robot behavior.
Empirical studies within the HRI literature have repeatedly validated the premise that humans
nd predictable robots easier and more satisfying to work with; humans trust predictable robots
more and view them more positively than less predictable robots [27, 71]. Thus, by improving the
predictability of robots, we can improve the uency and cohesion of human-robot teams.

Humans also trust agents more when we nd them predictable [27]. With traditional con-
trollers, however, there are no guarantees of pattern or regularity, so humans' mental models of

robot teammates are often incorrect or incomplete [65, 9].

2.0.3 Mental Modeling

When humans collaborate, we build mental models of our teammates [122, 56, 125, 79].
Mental models are knowledge structures that help people to describe, explain, and predict events
in our environment [108, 122]. Mental models help us navigate environments, make decisions, and
reason about our collaborators. Human teams are so astute, they can even create shared mental
models for the team, creating collective knowledge and expectations that lead to greater success
[79, 56, 125]. Evidence shows that humans also build mental models of robots and derive their
expectations of said robots from mental models [108, 90, 108, 11, 9]. In line with human factors
research, work within human-robot interaction indicates that when humans and robots can build
accurate mental models of each other, human-robot collaboration is more likely to be successful

[90, 56, 125, 79].
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2.04 Human Cognition

Humans reason in a fundamentally dierent, and often contradictory ways to our robot
teammates. Arti cially intelligent agents, embodied or otherwise, are built to optimize, but humans
do not optimize when we plan or make decisions [40]. We satis ce|meaning we nd a \good
enough" solution to the problem [40, 3, 78]. People employ a variety of cognitive tools to do this,
from using heuristics to pattern recognition [85, 1, 114]. Satis cing is not a weakness of human
cognition; to the contrary, heuristic usage approaches rationality over the long term, and our
brains developed it to navigate our environment, where optimization is computationally intractable
[3, 45, 2, 114]. In human-robot teams, robot teammates are working on identifying and achieving
the optimal solution for a speci ¢ set of parameters, whereas human teammates are agreeing upon
a \good enough" solution, and these solutions are rarely the same.

The human brain oods with dopamine upon recognizing a pattern, thus, humans are strongly
incentivized to nd them [68]. Some scientists even consider pattern recognition and reasoning to
be a cornerstone of higher intelligence [80]. As the human brain is wired for pattern recognition,

actions that are pattern-based are more likely to be recognizable to human participants.

2.0.5 Patterning in Human-Robot Teams

There is strong evidence in the literature that using human cognitive tools within human-
robot and human-agent collaboration can be highly e ective [63]. Work has shown that human
partners can learn conventions developed by arti cially intelligent agents [102]. Signi cant work
has also been done to integrate social conventions into collaborative agents [67, 106]. When robots
explicitly adhere to human navigation conventions, humans nd them more predictable and likeable,
and the robot's ability to navigate is not compromised [92, 96]. Further, having people rely on
conventions that they create themselves [20] or are already familiar with, such as \pinch" and
\pull" motions that people use on their smartphones [41], leads to improvement in their ability to

collaborate with a robot. Failing to account for human cognitive tendencies may obscure results,
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and limit future work [9].

Overall, prior work in human{robot interaction and teaming has established the importance
of coordination, transparency, and shared understanding, but often treats structure as xed or
secondary. Emerging research suggests that how robot behavior is organized, particularly through
patterns or grouping, can meaningfully shape human prediction and interaction, especially as task
complexity increases. These gaps motivate a closer examination of structure as a design dimension,
which this thesis addresses by exploring how patterning can support more e ective human{robot

teams.

2.0.6 Multi-Agent Settings

Multi-agent HRI introduces challenges that extend beyond those encountered in single-robot
settings. Rather than reasoning about the behavior of an individual system, humans must interpret,
monitor, and predict the joint behavior of many agents operating simultaneously[12]. As the
number of agents increases, the interaction becomes less about discrete entities and more about
understanding collective dynamics, coordination patterns, and emergent behaviors[12]. This shift
fundamentally changes the nature of the task, placing greater demands on perception, attention, and
prediction, and raising questions about how system design can better support human understanding
at scale[32, 74].

A central issue in multi-agent settings is the rapid growth of complexity with increasing agent
count[74]. Prior work has shown that human performance in tracking and predicting multiple
moving entities degrades as density and dynamism increase, re ecting well-established limits in
attention and working memory[12]. Importantly, this degradation is not solely a function of the
number of agents, but of how their behavior is structured. When agents act independently, the
cognitive burden scales poorly, requiring observers to track many parallel trajectories[12]. This
has led to a growing recognition that e ective complexity; the perceived or cognitively relevant
complexity of the system, may be more important than raw agent count in determining human

performance[12].
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To address these challenges, existing approaches in multi-agent HRI have largely focused
on improving observability or constraining behavior[32, 74]. Visualization and interface design
techniques aim to externalize information through trajectory overlays, intent indicators, or other
augmentations, helping users access otherwise implicit system states. Alternatively, behavior-level
interventions impose coordination structures such as formations, lanes, or shared control policies
that regularize agent motion and improve predictability[117, 104]. While these approaches can
improve performance, they often operate either by adding information, risking visual or cognitive

overload, or by restricting agent autonomy in ways that may limit exibility or realism.

2.0.7 Collective Emergent Behavior

Emergent behavior refers to complex, coordinated patterns that arise from the local inter-
actions of individual agents following relatively simple rules[25]. In crowd dynamics, these behav-
iors|such as spontaneous lane formation, collective turning, and synchronized ow through bot-
tlenecks do not require explicit global control or communication. Instead, they emerge organically
as each individual continuously adapts to the movements and intentions of others. This bottom-up
organization is a hallmark of many natural and social systems, highlighting how structure and
predictability can result from decentralized decision-making[25].

Emergent behavior is closely tied to human perceptual and cognitive abilities to detect and
respond to patterns in their surroundings [69, 25, 48]. As pedestrians navigate shared environments,
they continuously interpret subtle cues, such as speed, gaze direction, and interpersonal spacing,
to infer others' intentions and adjust their own motion accordingly [48]. This innate patterning
ability allows individuals to synchronize movements without explicit communication, reinforcing
collective structures like walking lanes and ow patrtitions. In turn, these emergent patterns reduce
cognitive load and enhance overall e ciency by creating predictable pathways through dynamic
crowds [48]. The interplay between human pattern recognition and emergent behavior underscores
the importance of designing autonomous systems that are not only optimized but also engage with

the implicit social patterns that guide human group motion.
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2.0.8 Social Force Models

Social force models constitute a widely adopted theoretical framework for representing pedes-
trian and crowd dynamics through mathematically de ned \forces" governing agent motion[48]. In
this formulation, each pedestrian is treated as a self-driven entity with a preferred velocity toward
a goal, while additional repulsive and sometimes attractive forces modulate interactions with other
agents and the environment. These forces are not literal physical interactions but abstractions that
encode behavioral tendencies such as maintaining personal space, avoiding collisions, and adhering
to spatial conventions. By embedding these behavioral principles into continuous optimization of
trajectory and velocity, social force models enable systematic simulation and analysis of navigation
behaviors at both local and global scales.

Crucially, social force models facilitate the emergence of complex collective phenomena from
simple interaction rules. Empirical studies have demonstrated their ability to replicate observed
pedestrian behaviors, including lane formation in bidirectional ows, group cohesion among socially
connected individuals, and non-linear congestion patterns in constrained environments[48, 69]. Ex-
tensions to the foundational model further incorporate elements such as predictive collision avoid-
ance, heterogeneous population characteristics, and context-speci ¢ behaviors relevant in emergency
or high-stress scenarios [112, 48, 13, 8, 87, 29, 70, 26].

In particular, social force models that explicitly incorporate group dynamics extend the foun-
dational framework by accounting for the social bonds and shared goals that in uence pedestrian
behavior[88]. Rather than treating each individual as an isolated agent, these models introduce
group cohesion and alignment forces that preserve proximity and coordinated movement among
members of the same group [88]. Such forces capture underlying social motivations and ensure
that group members adjust their trajectories in ways that maintain collective identity while still re-
specting collision avoidance constraints. This enriched structure allows simulations to re ect more
realistic, heterogeneous populations where interactions vary signi cantly between intra-group and

inter-group encounters[112, 124, 121].
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These group-aware extensions are particularly important for understanding how collective
behavior shapes crowd-level phenomena. For example, cohesive groups tend to move more slowly
and occupy more space, creating ow disturbances and bottlenecks in tightly constrained envi-
ronments [112, 124, 121]. Group models can also capture phenomena such as group splitting and
merging, leadership dynamics, and the in uence of strong social ties during evacuation scenarios
[112]. In applied contexts such as autonomous navigation and human-robot interaction, leveraging
group-sensitive social force models enables robots to interpret and respond to group formations
more appropriately, whether by integrating into existing clusters or avoiding disruption of social
units [124]. In this way, group-oriented social force frameworks provide a more nuanced and human-

centered foundation for analyzing and shaping motion in shared environments.



Chapter 3

Generating Pattern-Based Conventions for Predictable Planning in

Human-Robot Collaboration

The primary goal of this rst work is to establish a clear and operational de nition of what
constitutes a pattern in the context of human-robot teaming. To begin, we will focus on establishing
a pattern de nition for the subtask-planning level. This includes specifying the structural features
that de ne a pattern, the conditions under which it is considered to be present, and how it can
be represented in a way that is both measurable and reproducible. In parallel, we also need to
determine whether the use of patterns has any meaningful e ect on humans who work with them.
Before optimizing or re ning a pattern-based approach, it is important to verify that pattern usage
produces measurable di erences relative to a baseline without patterns.

In addition to establishing that patterns have an e ect on humans who work with robots,
we must also develop a robust way to evaluate their quality. This requires de ning metrics that
capture whether a pattern is deterministic or unique given the environment, rather than simply
whether it exists. These metrics should allow us to compare di erent patterns and assess their
performance. Finally, this proposed approach must be validated via an appropriately structured,

IRB-approved study with a human and robot.

3.1 Introduction

Human di culty with accurately modeling and predicting robot behaviors prevents the in-

tegration of robots into human-populated environments. Prior work indicates that the more ef-



17

Figure 3.1: A participant plays a collaborative block-selection game with a robot. By using PACT
to augment its planner, the robot's actions are more predictable to the participant over multiple
episodes and multi-task time horizons, and the robot is viewed as a better teammate.

fectively a human can model their robot teammate, the better the team will be able to perform
[90]. However, humans struggle to build accurate and e ective models of robots [65, 9] and often
nd them unpredictable even in very simple environments [6]. This limits team performance, as
humans prefer to work with agents they nd predictable and trust unpredictable agents less [27].

As humans struggle to predict agent behavior, agents are simultaneously attempting to pre-
dict and adapt to humans. Prior work has been done to improve an agent's ability to predict
human actions [98, 39, 42, 76] as well as adapt to human behaviors [17, 47, 106]. However, for
collaboration to succeed, both human and agent need to be mutually predictable, and there are
signi cant technical gaps in improving humans' ability to predict agents' actions.

In contrast to human-robot teams, human-human teams are extremely skilled at collaborative
tasks where synchronization, coordination, and prediction of each other's behavior is necessary|
such as assembling a bookshelf or making a football pass. Part of this gap in performance can
be explained by the distinct sets of tools that humans and robots each use to accomplish tasks.
Humans do not often rely on optimization as a cognitive tool, and instead use heuristics and pattern

recognition [40]. Notably, humans have di culty in predicting what the robot will do next as the
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robot is not using cognitive tools the human is familiar with.

The cognitive processes humans rely on, while simpler than optimization methods, are more
adaptable than and often outperform such techniques, especially in complex environments where
optimization is computationally intractable [3, 40, 85, 45]. One of the cognitive tools that humans
employ is the ability to identify and process patterns, such as recognizing rhythm in a song or
the color order of changing stoplights. Pattern recognition has developed via our evolution as a
species and is facilitated by speci ¢ structures in our brains [80]. Even preschoolers are capable
of duplicating, extending, and abstracting patterns to new environments [95]. These are deeply
ingrained cognitive processes that humans are adept at using.

Within the context of teaming, humans extensively rely on conventions in order to e ectively
coordinate behavior. Conventions are a form of shared knowledge [102] that teammates can use in
collaborative tasks to synchronize their actions. Patterns|a predictable sequence [95] of actions|
can make conventions easier to learn and follow. For a pattern-based convention to be meaningful to
a human, the pattern must be human-perceptible, i.e., based on features that a human can observe.
Using pattern-based conventions leverages innate human pattern-processing abilities, making the
conventions intuitive for people to identify [80] and predict. In order to facilitate human-robot
collaboration, in this work we propose a Itering algorithm which enables an embodied agent to
set conventions for the team by using a human-perceptible pattern to restrict its actions in a given
situation to a more predictable set. We refer to this algorithm as Pattern-Aware Convention-setting
for Teaming (PACT).

PACT can select patterns of varying complexity depending on the context, and is robust
to changes in the environment. A pattern selected by PACT can continue to be used without
alteration even if the task space changes over time. Our results show that by using PACT,
not only does the robot become more predictable to its human teammates, but team
performance as well as perceptions of the robot improve. These ndings are supportive of
the hypothesis that, by leaning into familiar cognitive processes, humans can more readily identify

the robot's intentions, understand how the robot is making decisions, and abstract the robot's
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behavior into new environments accurately. Not only is PACT e ective, it demonstrates the bene t

in adapting human cognitive strengths for robots to use during collaboration.

3.2 Background and Related Work

When humans collaborate, we build mental models of our teammates [122]. Mental models are
knowledge structures that help people to describe, explain, and predict events in our environment
[108]. Human teams are so astute, they can even create shared mental models for the team, creating
shared knowledge and expectations that lead to greater success [79]. Evidence shows that humans
also build mental models of robots [108]. In line with human factors research, work within human-
robot interaction indicates that when humans and robots can build accurate mental models of each
other, human-robot collaboration is more likely to be successful [90, 56, 125, 79]. Humans also
trust agents more when we nd them predictable [27]. With traditional controllers, however, there
are no guarantees of pattern or regularity, so humans' mental models of robot teammates are often
incorrect or incomplete [65, 9].

Humans reason in a fundamentally di erent, and often contradictory way to our robot team-
mates. Arti cially intelligent agents, embodied or otherwise, are built to optimize, but humans do
not optimize when we plan or make decisions [40]. We satis ce|meaning we nd a \good enough"
solution to the problem [40, 3, 78]. People employ a variety of cognitive tools to do this, from using
heuristics to pattern recognition [85, 1, 114]. Satis cing is not a weakness of human cognition; to
the contrary, heuristic usage approaches rationality over the long term, and our brains developed it
to navigate our environment, where optimization is computationally intractable [3, 45, 2, 114]. In
human-robot teams, robot teammates are working on identifying and achieving the optimal solu-
tion for a speci ¢ set of parameters, whereas human teammates are agreeing upon a \good enough”
solution, and these solutions are rarely the same.

Much of the recent work in human-robot collaboration focuses exclusively on improving the
performance of the robotic agent. Works that attempt to predict human actions or their path

directly have seen success within the environments they tested in [98, 39, 42]. There has also
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been a signi cant e ort to adapt successful methods in competitive environments to collaborative
environments [58, 17, 111, 52], though this is very di cult. Approaches that are highly e ective

in competitive environments are challenging to adapt to collaborative environments [51]. What
makes many self-play approaches successful|a policy that is convoluted and di cult for opponents

to counter|is a drawback in collaborative settings. What results is a large drop in performance
when trained agents are tested with humans rather than other agents [106, 58]. These approaches
also do not capture the full scope of human collaboration within their environments [51].

There is strong evidence in the literature that using human cognitive tools within human-
robot and human-agent collaboration can be highly e ective [63]. Work has shown that human
partners can learn conventions developed by arti cially intelligent agents [102]. Signi cant work
has also been done to integrate social conventions into collaborative agents [67, 106]. When robots
explicitly adhere to human navigation conventions, humans nd them more predictable and likeable,
and the robot's ability to navigate is not compromised [92, 96]. Further, having people rely on
conventions that they create themselves [20] or are already familiar with, such as \pinch" and
\pull" motions that people use on their smartphones [41], leads to improvement in their ability to
collaborate with a robot.

Failing to account for human cognitive tendencies may obscure results, and limit future work
[9]. One such cognitive tendency is pattern recognition. The human brain oods with dopamine
upon recognizing a pattern, thus, humans are strongly incentivized to nd them [68]. Some scientists
even consider pattern recognition and reasoning to be a cornerstone of higher intelligence [80]. As
the human brain is wired for pattern recognition, actions that are pattern-based are more likely
to be recognizable to human participants. By using PACT, we can select patterns that are as

recognizable as possible.

3.3 A Framework for Patterns-Based Conventions

In this section we detail PACT, an entropy-based algorithm to select the most appropriate

pattern to use in a given environment. The central cognitive science concept that underpins this
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approach is the human tendency toward pattern recognition and usage. By playing into known

strengths of human cognition, the robot's behavior becomes more recognizable, predictable, and

understandable to human teammates.

3.3.1 De nitions

PACT takes the tuple fT; F;rg as input to determine the ideal pattern for a particular task

space, where:

T T =1t 1;tp; 5 th0 is the nite set of subtasks an agent must complete. T is unordered, but

subtasks within T may have ordering constraints imposed by prerequisites.

" F = ff 1;f5 5 fmg is a set of functions that map from a subtask to a feature of that

subtask. (e.g., f1(t) !'\circle", f  »(t) ! \red")

* i =[vy; Vo vi] is a feature vector representing a characteristic (e.g., for a feature
\color" there may be categorical values f \red", \green", \blue"g encoded as a one-hot

vector. A color feature could also be represented as a continuous three-dimensional

vector of RGB values).

" A Rule is a function that sorts subtasks in T using a comparator function over output

from one or more features in F.

~ r is the maximum number of Rules that PACT is allowed to combine to form a Pattern,

a hyperparameter selected by the user prior to Pattern formation.

" A Pattern is an ordered sequence of between 1 and r Rules that augments available
subtasks in T for a planner to select from in a given state. Rules are applied sequentially

to Iter out or augment the cost of elements in T to inform plan generation.
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Figure 3.2: In this illustration of the PACT algorithm, we use a scenario in which a natural
disaster has occurred in a coastal town. Critical infrastructure must be checked for damage, and an
autonomous drone as well as a human team on the ground are tasked with damage assessment. In
this time-sensitive task, communication between the drone and humans is limited. Each location
indicated on the map has features used by PACT: whether the location contains humans that
sheltered in place (red), the type of infrastructure (blue), and the likelihood the location is ooded
(green). This scenario does not consider the distance traveled by the drone to be a constraint, but
such constraints can easily be added to guide PACT's pattern-selection.

3.3.2 Rule Formation and Application

A Rule is a data structure that contains a sorting function and a set of features to apply it to.
Given a set of subtasks, a Rule lters it down to a subset of subtasks that the agent can perform
(while still being consistent with the Rule). For example Figure 3.2 shows an environment in which
an autonomous drone must check critical infrastructure after a natural disaster. Communications
are down, so the drone is unable to communicate reliably with a human ground crew, making the
predictability of the robot critical. Here, the set of subtasks T is the set of locations the drone
must check and document. Each location has three features: the estimated ooding risk (which we
discretize into low, medium, and high risk), the type of critical infrastructure (police station, power
substation, water treatment plant, and hospital), and whether or not human sta sheltered in place
there. A Rule based on the presence of humans could be [\no humans”, \humans"], such that the
robot would visit all places without humans sheltering, followed by those locations with humans.
Another Rule based on the ood risk could be [\high", \medium", \low"]. Applying the ood risk
Rule [\high", \medium", \low"] to the locations in T would result in ltering the locations down to

the subset of locations with \high" ood risk. Each location in this subset would be visited by the
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drone. Then, with no more \high" ood risk locations, the drone would visit all \medium" ood

risk locations, and so on. For this Feature, because each location has one of three possible values,
there are 3! possible orderings, meaning this Feature ( ood risk) has 3! possible Rules that could
leverage it. Thus, given a set of n categorical Features, where each Feature i has gossible values,
there are at most P ", ki! single-Feature Rules that can be generated. For Rules over features
with non-categorical values, the space of orderings is technically in nite and depends entirely on
how complex the comparator function encoded in the Rule is, but by imposing a restriction to sort
values in either an ascending or descending order we may assume two Rules per continuous feature.
In the drone example given by Figures 3.2 and 3.3 there are 32 possible Rules that can be used.

Without loss of generality, in this work, each Rule is generated from a single feature.

Figure 3.3: In this example, we describe the formation of Rules and Patterns from the scenario in
Figure 3.2. The left column shows the three features of each location we are using (human presence,
infrastructure type, and ood risk), and the possible values for each feature. The center column
shows the ways Rules can be constructed from features by imposing an ordering on the possible
values of a feature. The right column shows how a Pattern is constructed by applying one or more
Rules. Note that Patterns may not have con icting Rules; we choose at most one rule per feature.
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Figure 3.4: For each Pattern, a Pattern Tree is constructed to easily identify all allowable orderings
of subtasks. In this Pattern, the rst subtasks are those locations that are low ood risk and have
no humans sheltering in place (B,G). The second allowable subtasks are the remaining low risk,
no human locations, which are appended to the tree. All allowable orderings of length 2 can thus
be obtained by traversing the tree to depth 2. For the third subtask, there are no remaining low
risk locations with no humans, so the low risk locations with humans are selected (D). There are
no medium ood risk locations that do not have humans, so the fourth possible subtasks are those
that are of medium risk with humans. The tree is constructed in this manner until it reaches a

depth equal to the number of subtasks.

3.3.3 Pattern Formation and Application

The hyperparameter r is set by the user prior to the generation of Patterns in order to
determine the maximum allowable complexity for the Patterns. r can be at most equal to the
number of Features and must be at least one. With a larger r, Patterns can be more complex and
are thus more likely to be able to impose a fully deterministic ordering of tasks in a plan, but this
increase in complexity may also make the Pattern too di cult for a human partner to identify and
follow.

A Pattern is a data structure that contains a sequence of between 1 and r Rules. Given
a set of subtasks, the Pattern determines the subset of next possible subtasks. The initial set of

subtasks is passed to the rst Rule in the sequence, which returns the subset of allowable subtasks.
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This subset is passed to the second Rule in the sequence, continuing through the full sequence of
Rules to obtain the nal subset of possible subtasks for the given Pattern. Figure 3.4 illustrates the
Pattern [\low", \medium", \high"], [\no humans", \humans"]. First, the set of locations the drone
must visit is Itered down according to the rst Rule (ood risk), leaving just the locations with
\low" ood risk. This subset of locations is then passed on to the second Rule (human presence)
to be Itered down to locations with \no humans". The drone will have to visit all locations in
this subset (B and G) in any order before moving on to locations with di erent values for these
features. After these locations, pictured in the rst box of Figure 3.4, are checked, the remaining
locations are passed to the rst Rule and then the second to obtain the subset of locations that are
\low" risk with \humans" (location D). After this location, the Pattern Iters down to an empty

set, as there are no locations with \medium" ood risk and \no humans". The Pattern will then
identify locations with \medium" ood risk and \humans", which will be visited before locations

with \high" risk and \no humans" (F) and then locations with \high" risk and \humans" (E).

3.34 Pattern Trees

Calculating a score to evaluate the e ectiveness of a given Pattern requires evaluating the
possible orderings of subtasks that it imposes throughout the plan it generates (or a sampled subset
if otherwise infeasible). To e ciently compute and organize this for each Pattern, we construct a
Pattern Tree. An illustration of a portion of a Pattern Tree generated from the drone example can
be seenin Figure 3.4. The rst level of the tree is determined by the possible rst subtasks given the
Pattern and T. For each subsequent level, the children of a node are determined by assuming the
path from root to parent node speci es the sequence being followed, and applying the Pattern to
the remaining subtasks. The nal tree will have |Tj levels, as the entire sequence will be generated.
Thus, traversing to the ith level of the tree will reveal all possible subsequences of length i for a
given Pattern. This simpli es Pattern evaluation calculations as matching subsequences of length
i 1 can be obtained for all Patterns quickly, and all possible ith subtasks can also be obtained

by indexing the children of all nodes in the (i 1)th level of the tree. For tasks with prohibitively
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large amounts of subtasks, Monte Carlo methods can be applied to approximate the Pattern Tree.

3.35 Pattern Scoring Metric

To determine the most appropriate Pattern for a given T, we propose a scoring metric that
can be applied to a set of possible Patterns (which we refer to as the Pattern Bank). Patterns
with lower scores are more preferable. We de ne this score () for a given Pattern (p) as:

i . .
)a— JPi;sharedJ 1

= H(Tip) + —
p L (I,p) iP]

H(T i;shared) (3-1)

Where:
" p is the Pattern for which the score is being calculated.
T is the set of subtasks the agent must perform.
" H(x) is an entropy calculation for the collection x.
" Tip is the collection of all possible subtasks at the ith step of planning given the Pattern p.
This can be extended over sets of Patterns as follows:
P is the set of possible Patterns given fF;rg.

" Pishared IS the set of Patterns that share at least one possible sequence of length i 1 with

the given Pattern p.
" Tishared IS the collection of all possible subtasks at the ith step for all Patterns in R.shared -
" All sequences of length i 1 are allowable.

This scoring metric allows for selection of a pattern that is both as deterministic as possible
(rst term) as well as unique (second term). Favorable patterns are those that become unique in
their possible sequences as soon as possible (easier to identify/ legible [31]), while also being as

deterministic as possible (easier to follow).
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Figure 3.5: This gure illustrates how the second term of the score in Eq. 3.1 is calculated for a
given Pattern (the same Pattern shown in Figure 3.4) when i = 3. First, the possible orderings of
length i 1 are identi ed for the given Pattern, seen in the left tree. There are two possible subtask
orderings of length i 1, highlighted in red and blue. However, these orderings are not unique
to this Pattern. There may be other Patterns in the Pattern Bank that share these orderings of
length i 1. Two such Patterns are shown here, with the matching orderings circled. If a human
partner observes the robot going to B then G, they cannot distinguish between the Pattern the
robot is following and these other Patterns. The (starred) children of these shared orderings are
extracted from all Patterns in the Pattern Bank, and the entropy over this group is calculated. For
this group of three trees, the group would be (D, D, F, F, D, D).

3.3.6 PACT

While the algorithm can be viewed in its entirety in pseudocode within Algorithm 1 in the
appendix, we provide an intuitive walkthrough here for ease of understanding. Prior to applying
PACT, we create a Pattern Tree for each Pattern in the Pattern Bank. We then initialize data
structures that keep track of the best patterns and their scores. For each Pattern (p) in the Pattern
Bank we calculate a pattern score, weighing how deterministic the pattern is and how much overlap
in resulting plans there is with those generated by other Patterns in the Pattern Bank (i.e. how
unique the pattern is compared to others). A pattern score is a summation of subscores calculated
for the selection of each subtask in the sequence imposed by the Pattern. Scores start at zero and
increase at each step. The subscores have terms related to entropy (i.e., how deterministic the plan
imposed by the Pattern is) and uniqueness (to bias against Patterns that generate plans that can
be explained by other Patterns).

The rst term of Equation 3.1 is the entropy over the distribution of ith possible subtasks

when a sequence of subtasks is being constructed using the given Pattern p. When using p to order
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the subtasks, the allowable sequences can be determined by traversing the tree. Thus, the subtasks
that could be ith in a sequence that conforms to p are all those nodes at a depth of i in the Pattern
Tree. In Figure 3.4, when i = 3, the nodes used for this calculation are in the middle box (depth
of 3). When i = 4, the nodes used for this calculation are those in the bottom box. The rst term

for i is the calculated entropy for the set.

Figure 3.5 illustrates the calculation for the second term when i = 3. This calculates how
unique p is, i.e. how much overlap there is between p and other Patterns in the Pattern Bank. The
term is composed of an entropy value and a discount.

When determining how unique an ordering induced by p is, the possible orderings of subtasks
must be compared with those of other possible Patterns. In Figure 3.5, p is the Pattern on the far
left, with circular nodes. When i = 3, there are only two possible subtask orderings of length 2
that follow the Pattern, circled in red and blue dashed lines. If the robot is using p to order its
subtasks, a human partner will observe one of the circled orderings. However, these orderings may
also comply with other Patterns within the Pattern Bank. The trees with hexagonal and diamond
nodes in Figure 3.5 are other Patterns in the Pattern Bank which have some orderings of length
i 1 (2) in common with the target Pattern p|also circled with dashed lines. If the robot goes
to location B then on to G, this behavior can be explained by p, but also by these other Patterns,
which may lead to the human partner to believe the robot is following a Pattern other than p
leading to confusion or di culty predicting the robot in the future, as their mental model of the
robot is incorrect. The second term identi es the children of these shared sequences, marked in the
gure with stars, and calculates the entropy over them. Thus, Patterns that produce sequences of
subtasks that are unique have lower scores, and Patterns that produce orderings of subtasks that
are shared across many Patterns have higher (worse) scores.

This entropy calculation is then discounted by the proportion of the Pattern Bank that has
an ordering of length i 1 in common with p. This is done to penalize Patterns that could be
mistaken for a greater number of other Patterns. If p shares many orderings of length i 1 with

one other Pattern, this will lead to less confusion on the part of a human partner than if p shares
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Figure 3.6: The layout for the collaborative game. Nine blocks, each with a color, shape, and
reward value are placed on the grid. Only the robot has knowledge of the rewards. Both players
secretly select a block by color and shape, and if they coordinate, the robot removes a block from
the grid.

a few orderings of length i 1 with many Patterns in the Pattern Bank.

When all of the subscores have been calculated and summed, we compare the total score for
the Pattern to the minimum score, and store all minimum-scoring Patterns. When we have scored
all Patterns, we return every minimum-scoring Pattern for subsequent selection and use by the
planner.

Pattern scoring and selection is performed o ine, done before the robot engages with an
environment. While the Pattern can be updated or changed, a Pattern deemed to be the most
suitable for a target set of environments can and should continue to be used in other environments
the robot acts in to maximize predictability, as long as the features used in the Pattern remain
present in these other deployment environments. Changes made to the Pattern during interaction
with humans may make the robot less predictable, and this work promotes the use of one Pattern

kept consistent even when the robot nds itself in previously unseen deployment environments.
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3.4 Experimental Evaluation

PACT can be applied to any planning problem for which the overarching task can be decom-
posed into a prede ned set of subtasks or goals (e.g., search a set of ten locations for survivors).

PACT can be applied to situations where the robot is working with one or more humans, such
as remote sample recovery, wherein PACT would make it easier to predict where the robot would be
retrieving samples from, allowing humans to parallelize e orts by focusing on areas that the robot
is not or to assist robots by traveling to their next destination without explicit communication
requirements. PACT may also be used in scenarios where human and robot are simply sharing a
workspace, where increased predictability of which object the robot will grab next allows humans
to more easily navigate around or more safely work with the robot.

However, in these scenarios as well as in other more complex environments, there is a sig-
ni cant amount of extraneous side-channel information that people may use to predict the robot's
behavior. People may wait for several moments to determine where the robot is headed next, take
time to simply observe the robot, or even be provided with information from the robot itself. In
order to e ectively test PACT, and to show that the planner's order of subtasks alone is driving
increased predictability, all of this information must be removed. Any e ective testbed for such a
system must be framed as a coordination problem, so that the human does not have the opportunity
to observe the robot without taking any action themselves. The coordination task is structured
such that only by accurately predicting the robot's actions can the team succeed, and there is no
other information the human can rely on other than previous robot actions and their own mental
model of the robot.

PACT can be applied to a broad range of planning problems that can be constructed from
this maximally constrained coordination problem, by relaxing the testbed's requirements of forced
simultaneous action selection or inability to wait and observe the robot. While this makes the
task of coordinating with and predicting the behavior of the robot signi cantly more di cult, it

allows for a stronger assessment of the e ectiveness of PACT than would occur in a more realistic
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collaborative scenario with additional side-channel information available.
Thus, we evaluate the e cacy of PACT through a collaborative game involving a human and

robot that rewards teams whose members' task selections are predictable.

34.1 Game Environment

The collaborative game is played on a ve by ve grid on a table in a shared workspace
(Figure 3.6). At the beginning of a round, nine blocks are placed in unique locations on the grid.
Every block is assigned a unique numerical value between one and nine, which is neither known
nor observable by the human participant and is used to calculate the score for a successful move,
representing the reward function that a traditional robot planner would attempt to maximize. At
the start of each turn, the participant and Sawyer, a 7-degree-of-freedom robotic arm, both select
a block without seeing the choice of their teammate. Participants make their selection on a tablet,
and are allowed to select any block type (e.g., \blue triangle"). When both teammates have made
their selection, Sawyer reveals its selection on its screen, and the participant receives an update on
the tablet showing both players' selections as well as score information. If the team members each
select blocks with fully matching visual features (e.g., both with yellow circles on them), Sawyer
removes one block that matches those features from the grid.

The team receives a positive reward based upon the numerical values of the blocks remaining
and the number of blocks the team had to choose from; as the number of blocks on the board
decreases (and it is more likely that teammates could coordinate by chance), the reward decreases.

The game is scored as follows:

% 10t=(n +1) n matching features

” Bsum *5(B remj+1) all features match

where;

~ t = current turn number
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" B rem = set of blocks remaining on the board

Brgmijl . .
Bsun = Brem [il:numeric _value
i=0

~

If the team does not agree on the same type of block, a penalty is assessed to the team.
The size of the penalty increases as the game progresses, so an inability to coordinate early in the
game is not penalized as harshly as failing to coordinate on the last few blocks. If the team is
able to coordinate on a subset of features, i.e., both players select the same color or shape (but
not both), the penalty assessed is reduced; teams that are able to coordinate along some axes are
not penalized as much as teams that cannot coordinate on any features. Teams must coordinate
to remove all nine of the blocks from the grid to complete a round.

It is important to note that the sequence of blocks that the robot will select is determined
prior to the rst turn: this experimental setup is designed to test human understanding
and prediction of robot behavior, not robot adaptation to human behavior. Regardless
of what the participant selects, the robot will always select the next block in the predetermined
sequence.

This means that the robot will continue to select the same block until the participant matches
the robot's selection. Upon the completion of each round, a new set of nine blocks is placed in the
workspace in a hew con guration. The numerical value of each block is also new, with no relation-
ship between the value and any of the human-visible features. In other words, the reward function
changes with each episode and is never shown or explained to the human teammate. This de-
sign decision illustrates the trade-o s between capability (reward maximization) and predictability

(pattern adherence) when coordinating as a human-robot team.

3.4.2 Applying PACT to the Coordination Domain

The variables required to utilize PACT are de ned as follows:

" T = A set of subtasks, one for each of the nine blocks in the workspace.
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" F = A set of functions mapping each block subtask (by unigue id) to values of features of
the blocks| \color": f\blue", \red", \yellow"g, \shape": f\circle", \square", \triangle"g,

\position": firow":f1, 2, ..., 5g, \column"; f1, 2, ..., 599
~ r =2, such that only up to two Rules may be ordered to create a Pattern

The position Rules ordered the values in either ascending or descending order, operating over
either only a single eld (either \row" or \column") or both (e.g., rows descending and columns
ascending). In our environment|because the human and robot select blocks by color and shape
on the interface (e.g., a \yellow triangle block", without specifying location)|when calculating
entropy over subsequent tasks to select, all tasks involving blocks of the same shape and color are

treated equally regardless of position.

3.4.3 Experimental Design

Study participants (n = 28) were assigned randomly into one of three conditions in a between-

subjects design:

" Reward-Maximizing: The participant works with a robot that selects blocks in the or-
der that will maximize the team score in the event of perfect coordination, analogous to

traditional reward optimization approaches.

" PACT Pattern: Participants are on a team with a robot that selects blocks following a
pattern-based convention, generated and selected by PACT such that the pattern score is

best for the set of tasks to be completed in the rst round environment.

" Median Pattern: Participants work with a robot that selects blocks by following a pattern
that achieved a median score when compared against all possible patterns in the rst round

environment.

Patterns selected for the PACT and Median groups are based on the rst round environment and

remain the same for all subsequent rounds of gameplay, despite environment changes. This allows
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us to evaluate team performance in both a “target' environment that may be known and optimized
against in advance ( rst round) and in new environments not explicitly optimized for (subsequent

rounds).

3.4.4 Study Protocol

Consent was obtained from all participants, preceded by a brief check of participants' ability
to distinguish between the block colors. One participant self-identi ed as colorblind, though not
a form of colorblindness that would prevent them from distinguishing between the colors used.
Participants were then given a randomly generated six-digit identi er to link their survey responses,
and were randomly assigned to an experimental group. Following this, participants lled out
a pre-experiment survey about their experience with robots, attitudes about robots, and initial
sentiments toward Sawyer, the robot used in the experiment. Experimenters then explained the
collaborative game, answered questions, and participants began gameplay. After each round of the
game, participants answered questions about their cognitive fatigue, ability to predict the robot's
behavior, and con dence in their team. After three rounds of the game, a third type of survey was
administered. Participants were shown ve novel game set ups, and were asked to identify which
color and shape block the robot would select rst and last in each given game. Participants were also
given the option to mark that they were uncertain about either feature. Finally, a post-experiment
survey was conducted, again surveying participants about their sentiments about the robot, their
game comprehension, as well as questions about the team dynamics and performance of each team
member. Following the completion of the survey, participants participated in a brief unstructured

interview and debrief. The duration of the experiment was approximately sixty minutes.

3.4.5 Measurement

28 patrticipants were recruited from the student community of our university for the IRB-
approved human subjects study. Pre-experiment survey questions were taken from NARS, RoSAS,

and previous HRI work [91, 16, 99]. Between rounds, participants answered selected questions
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from the NASA Task Load Index [44] to measure their cognitive fatigue and frustration, as well as
several questions about their con dence in their choices. A\Round 4" survey consisting of ve novel
game setups was created speci cally for this experiment in order to measure participants' ability
to abstract the robot's behavior into a new environment. The post-experiment survey consisted
of questions from RoSAS, identical to those asked in the pre-experiment survey, survey guestions
about the uency of the team [?], as well as custom questions adapted from the team uency

guestions.

3.4.6 Hypotheses

We conducted an ethics board approved human-subjects study to investigate the following
hypotheses regarding the e ectiveness of PACT within a human-robot collaborative coordination

task:

" H ;: Participants who work with the robot using PACT will have a more positive attitude
about the dynamics of the team (i.e., coordination, mutual understanding, teamwork, etc)

compared to all other groups.

" H ,: Participants who engage with the robot using PACT will have a more positive percep-

tion of the robot than participants in the Reward-Maximizing and Median Pattern groups.

" H 3: Constraining the robot's behavior to follow any patterns-based convention will result
in better team performance on the task, as well as an improvement in participants' ability

to predict the robot's actions.

35 Results and Discussion

Of the 28 individuals who participated, the data of one participant was excluded due to
noncompliance with instructions. We did not observe any multimodalities within the data.
We found a signi cant e ect from the PACT Pattern condition on participant perceptions of

the team's dynamics, validating H 1. Post-hoc comparisons using Tukey's HSD test (Figure 3.7),
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indicate that participants felt that that robot picked the best block for the team during gameplay
compared to the control condition of Reward-Maximizing (p = 0:0353) as well as the Median
Pattern group (p = 0:0493). Additionally, PACT Pattern participants did not feel that swapping
the robot out for a human teammate would result in better performance when compared to the
Reward-Maximizing group (p < 0:004) as well as the Median Pattern group (p < 0:009), indicating
that PACT Pattern participants viewed the robot as performing at least as well as a

human teammate would have.

We also found a signi cant e ect caused by the PACT Pattern condition on perceptions of
team uency, as indicated by Figure 3.8; the PACT Pattern condition resulted in a signi cantly
higher perception of team uency as compared to the Reward-Maximizing baseline (p = 0:0178),
while there was no signi cant di erence for participants in the Median Pattern group compared to
the Reward-Maximizing condition. Additionally, there was a signi cant e ect caused by the PACT
Pattern condition on participants' perception of whether or not the participant and robot were
good teammates to each other. PACT Pattern participants reported signi cantly more positive
perceptions of themselves as a teammate to the robot when compared to the Reward-Maximizing
(p = 0:0129) and the Median Pattern group (p = 0:0336), as well as whether the robot was a good
teammate to the participant when compared to the Reward-Maximizing group(p = 0:0121). The
PACT Pattern group was also the only pattern-based group that saw a signi cant
di erence over the Reward-Maximizing condition when asked if they would work with
the robot again (p = 0:0287).

Post-hoc comparisons using Tukey's HSD test indicate a partial con rmation of H  ». While
there was a signi cant e ect from the PACT Pattern treatment on the likeability of the robot when
compared to the Median Pattern group (p < 0:05), there was no signi cant di erence compared to
the Reward-Maximizing group (p = 0:1), Figure 3.8.

We also found a signi cant e ect from both pattern conditions on team performance, val-
idating H 3. Post-hoc comparisons using Tukey's HSD indicate signi cantly higher normalized

scores for both the PACT Pattern and Median Pattern groups across all three rounds, as indicated
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Figure 3.7: There were signi cant improvements in PACT Pattern participant belief that the robot
selected the right block for the team over the Reward-Maximizing (p = 0:0353) and Median Pattern
(p = 0:0493) groups, as well as if the participants believed a human partner would have led to greater

success. (Reward-Maximizing p < 0:004, Median p < 0:009).

Figure 3.8: Using PACT led to signi cant improvement in team uency over baseline (p = 0:0178),
as well as perceptions of robot likeability over the Median group (p < 0:05).
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Normalized Scores

Round Group Mean Score| p-value
1 Reward-Maximizing 6.81 |
1 Median Pattern 52.00 0.0007
1 PACT 71.27 0.0
2 Reward-Maximizing 27.12 |
2 Median Pattern 60.33 0.0246
2 PACT 78.68 0.0006
3 Reward-Maximizing 21.74 |
3 Median Pattern 79.49 0.0012
3 PACT 88.06 0.0003

Table 3.1: Normalized game scores and p-values obtained via Tukey's HSD for each pattern-based
group compared to the baseline Reward-Maximizing group. There were no signi cant di erences
between the PACT and Median groups for normalized scores across all rounds.

Figure 3.9: Participants in the group that engaged with a robot using PACT made signi cantly
fewer mistakes than the baseline group across all three rounds (p = 0:0003; 0:0042; 0:0005), whereas
the Median group only made signi cantly fewer mistakes in two rounds (p = 0:0047;0:1138; 0:0053).
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by Table 3.1. As seen in Figure 3.9, the PACT Pattern group made signi cantly fewer errors when
compared to the Reward-Maximizing group across all rounds of gameplay. The Median Pattern
group made signi cantly fewer errors than the Reward-Maximizing group in rounds one and three,
but there was no signi cant di erence over the Reward-Maximizing in round two. Part of this may
be due to the di erences in the patterns seen by each group. Participants in the Median Pattern
group saw much more ambiguous patterns than those in the PACT group, meaning that partici-
pants in the Median Pattern group could play at least half of the rst round and obtain a perfect
score by following a pattern other than the robot's pattern. The Median Pattern group was the
only group to show signi cance over the Reward-Maximizing after only one round of gameplay in
their belief of understanding how the robot was choosing blocks (p=0.0241), but this e ect was no
longer signi cant after another round of gameplay.

Further validating H 3, participants rated the predictability and understandability of the
robot in a variety of questions in the Post-Experiment Survey. Using Tukey's HSD, comparisons
between the Reward-Maximizing group and both patterns-based groups were signi cant (Figure
3.10). When compared to the Reward-Maximizing baseline, participants in both the PACT Pattern
group (p < 0:0001) and the Median Pattern group (p = 0:0001) felt the robot was predictable. When
asked about the understandability of the robot's actions, the PACT Pattern group (p = 0:0003) and
the Median Pattern group (p = 0:0097) both felt the robot was understandable compared to the
Reward-Maximizing baseline. However, there is an important caveat to this nding. Participants
were asked about the broader application of the system, and whether they believed most people
would be able to understand the robot (Figure 3.10). Only participants in the PACT group
felt that most people would be able to understand the robot, compared to both the
Reward-Maximizing group (p = 0:0009) and Median Pattern group (p = 0:0441), con rming the
premise of this work and validating the proposed contribution. While participants in the Median
Pattern group believed at the end of gameplay that they understood the robot's decisions, they did

not believe that the system they saw would be broadly understandable.
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Figure 3.10: Participants in the PACT Pattern (p < 0:0001) and the Median Pattern (p = 0:0001)
both found the robot signi cantly more predictable than the baseline. Both groups also found
the robot's behavior more understandable than the baseline group. (PACT p = 0:0003, Median
p = 0:0097) Only the participants who used PACT felt the robot would be broadly understandable
to people when compared to the baseline (p = 0:0009) as well as the Median Pattern group (p =
0:0441).
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351 Discussion

Our results support the claim that PACT allows a robot to schedule its tasks more pre-
dictably, allowing humans to work more e ectively with it. This e ectiveness stems from the
deep-seated human tendency towards pattern recognition and usage. Evidence of this unconscious
tendency emerged in participant exit interviews. Despite the lack of a human-visible pattern in the
Reward-Maximizing group, approximately half of the participants were convinced that the robot
was engaging in some pattern or rule-based behavior. Many voiced that given more gameplay,
they likely would be able to nd the pattern in the robot's behavior. Many of these participants
indicated that they were searching for a pattern that \must" be there, despite there not being any
observable pattern.

Additionally, the majority of participants who saw a pattern were unable to articulate the
pattern or to fully explain the robot's behavior. Even in the group that saw the PACT pattern, less
than half of participants could fully explain the pattern they saw, despite many of them playing
perfectly coordinated rounds with the robot.

Anecdotally, this may indicate that centering human cognition and reasoning leads to more
unconscious decision-making by humans. Perhaps participants who see a PACT pattern are able to
unconsciously predict the robot's next move, without having to use logic or more complex reasoning.

Further work to explore this phenomenon and its impacts on human-robot teaming is necessary.

3.6 Conclusions

Participants who collaborate with a robot whose behavior follows pattern-based behavioral
conventions selected via PACT report signi cantly better subjective (perceptions of the robot) and
objective (scores) measures when compared to participants who collaborate with a robot focused
solely on maximizing team reward. Participants who engage with a robot that uses pattern-based
behavioral conventions that are not optimized for the environment by PACT still realize signi cant

performance improvement in coordination, but at the expense of subjective perceptions of the
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collaboration and robot. These study results reinforce the importance of leveraging convention in
uent human-robot collaboration, and con rm that PACT is an e ective mechanism to do so.

This work demonstrates that intentionally leaning into human cognitive tendencies and de-
emphasizing reward-maximizing behavior leads to substantially better outcomes along both objec-
tive and subjective metrics. Our proposed method does not preclude the usage of other planning
tools, and can be used in tandem with other methods to make robots more predictable while re-
maining capable. Additionally, the tradeo between optimal planning and predictability can be
negotiated for any environment; PACT can create complex patterns similar to optimal planning,
or simple ones to maximize predictability.

As robots are placed in environments where they will be trusted with a diversity of tasks,
especially in cases where they will be in close contact with humans, it is critical to characterize and
address the disparities between the way robots and humans reason. Robots that are exclusively
optimizing for a given reward are reasoning about their environment and collaborations in a funda-
mentally di erent way from the humans that they work around and attempt to collaborate with.
This leads to a lack of predictability, limiting collaboration. PACT demonstrates that we can

bridge this gap and make robots more predictable without limiting team performance.

3.7 Transitioning to Continuous Spaces and Balancing with Optimality

This work demonstrates that human-observable patterns can be meaningfully codied for
robotic systems and incorporated into robot task-level planning. By explicitly representing pat-
terns as a stacking of rules and ordered features, robots can make decisions that are more pre-
dictable and understandable during interaction. The results indicate that patterns do, in fact,
matter: incorporating them leads to meaningful di erences in human perceptions of robots, their
predictability, and their views on a robot-human team they are part of. In particular, this work,
via PACT shows promise as a method for selecting e ective patterns, indicating that robots can
not only use patterns, but also choose among them in a principled way, as the study indicates that

simply using a human-legible pattern does not lead to the full spectrum of bene ts that selecting
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an ideal pattern via PACT provides.

However, the current approach leaves several questions unexamined. It is constrained to
discrete task-level planning, which does not fully capture the continuous and dynamic nature of real-
world human-robot interaction. A more complete solution should extend these ideas into continuous
planning and control, where patterns can in uence behavior at a ner temporal scale. Additionally,
the current comparison is primarily between pattern use and no pattern use at all, which is an
important rst step but does not address the more nuanced question of how to balance patterning
and optimality. The subsequent work in this thesis seeks to strike a balance between predictability
and optimality by minimizing a combined cost that quanti es optimality and patterning within a

continuous domain.



Chapter 4

Thinking in Patterns: Sacri cing Performance for Predictability Enhances

Human-Al Teams

After con rming the viability of utilizing patterns in human-robot teaming, we need to extend
pattern-based planning beyond discrete task selection and into continuous decision-making and
control. Real-world robot behavior unfolds in a continuous space of motion, timing, and interaction,
so enabling robots to plan with patterns at this level is essential for producing behavior that is
more broadly usable. This also requires developing a representation of patterns that is suitable for
continuous spaces; capturing not just high-level tasks, but also full trajectories, spatial relationships,
and temporal dynamics in a way that can guide patterned robot behavior in continuous space.

At the same time, we must also address the important tradeo between optimality and
adherence to recognizable patterns. As previously discussed,strictly optimizing for e ciency or task
completion often leads to behavior that is di cult for people to anticipate, while solely following
patterns has an impact on the robot's ability to maximize reward. The key challenge is therefore
to strike an e ective balance: designing methods that provide the bene ts of predictable, pattern-

consistent behavior while still preserving the e ciency and high reward of SOTA methods.

4.1 Introduction

Human-Al teaming is hindered by an inescapable con ict between the logic of machine opti-
mization and the foundations of human cognition. While algorithms can generate highly e cient

behaviors, these actions often lack a structure rooted in the same cognitive toolkit of patterns and
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heuristics that guides human reasoning [114, 40, 78] that people rely on to build predictive models
of their partners [46, 81, 34, 77, 83]. This disconnect between the robot's complex, optimal tra-
jectory and a human's heuristics-based expectations creates a “predictability gap’, which in turn
compromises team uency and erodes collaboration [71]. This core design tension is not unique
to robotics but, rather, a universal challenge in human-autonomy interaction: across autonomy,
machine-optimal actions often read as unpredictable to people. Autonomous vehicles that brake
or merge on mathematically e cient pro les can feel abrupt and inscrutable to drivers and pedes-
trians, eroding trust and coordination [62, 33, 82]. Clinical and nancial decision-support systems
may output performance-optimal recommendations that experts cannot anticipate or explain, in-
hibiting adoption despite their accuracy [60, 75, 123]. The core problem is not that autonomous
systems are di erent, but that autonomy ‘reasons' di erently than people do [114, 115].

In this work, we posit that bridging this divide requires more than just algorithmic im-
provements; it requires aligning autonomous behavior with the foundational mechanisms of human
understanding. This informs the formulation of a clear, testable hypothesis: if human teaming is
built upon a cognitive toolkit of pattern recognition, then intentionally embedding simple, perceiv-
able structure into a robot's actions should signi cantly improve predictability and team uency,
even if regulated by a bounded loss of individual task performance on the robot's part. To investi-
gate this, patterns must be treated not as byproducts of simpli cation, but as a design variable to
be precisely controlled.

This requires a new scienti ¢ instrument capable of systematically tuning the level of per-
ceivable structure in an agent's behavior while bounding performance loss. To this end, we in-
troduce Predictability-Satisfying Trajectory Optimization (PRESTO), a human-aligned trajectory
optimization adaptation layer that introduces patterns into behaviors generated by other con-
trollers. This work leverages PRESTO as a scienti ¢ instrument to characterize the predictability-
performance tradeo, revealing the surprising result that a (bounded) performance sacrice in
service of predictability has an outsized benet for team performance metrics. We provide the

rst direct empirical measurement of this tradeo 's e ects on team uency, speci cally
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in the context of adapting reinforcement learning policies. Across two human-subjects studies,
our ndings reveal fundamental principles for human-autonomy interaction. First, we demonstrate
a decoupling of perceived intelligence from behavioral complexity, challenging the as-
sumption that mathematically optimal or complex actions are perceived as the most intelligent
[118, 113, 7, 53, 86]. Second, by tracking participants' predictions over time, we o er novel, quan-
titative evidence that patterned behavior fosters more stable and accurate human mental
models of an autonomous partner, a cornerstone of e ective team cognition. Together, these
results establish that predictability, not algorithmic complexity, is the key driver of uent human-

autonomy teaming.

411 Technical Content and Approach

To resolve the conict between machine optimization and human cognition, our work syn-
thesizes a convergence of ndings from cognitive science and Human-Robot Interaction (HRI)
to articulate a central design principle: designing for predictability. This principle holds that
predictability is one of the main mechanisms that allows a human to form an accurate mental
model of their robotic partner, a cognitive structure representing its intentions and future actions
[31, 108, 11]. An accurate mental model is a cornerstone of e ective team cognition [79, 90, 56],
and the HRI literature has consistently established that predictable robot behavior enhances team
uency, e ciency, and trust [27, 71, 65, 36]. Therefore, designing for predictability is not merely
a user preference; it is a direct mechanism for improving the cognitive alignment between human
and machine.

Yet, this principle runs directly counter to the foundational logic of the very tools used
to create high-performance robot behavior. Methods like reinforcement learning (RL) excel at
searching for and discovering optimal, reward-maximizing policies and have been widely applied in
human-agent teaming [107, 39, 106, 51, 5, 4]. The fundamental issue is that the reward functions
guiding these policies are typically agent-centric, evaluating the immediate outcome of an action

without considering how that action is perceived by an external observer as part of a larger temporal
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sequence. Even if one could engineer a reward function to account for an external observer, a more
foundational limitation remains: the reliance on the Markov assumption. This assumption makes it
very expensive for RL agents to reason over their trajectories; they optimize for the next best action
from the current state, making them unaware of the history of their own actions (without otherwise
introducing these data into their state space). Thus, standard RL objectives may optimize for task
reward without being able to control observer predictability or repeated temporal structure as a
design variable. This produces behaviors that, while locally optimal, are often complex and de cient

in the patterns humans need to form a stable predictive model.

Addressing this issue requires a fundamentally di erent design philosophy: one that shapes
the global structure of behavior, rather than optimizing a sequence of local decisions. This
perspective is crucial because human partners do not perceive robot actions in isolation; they
interpret the entire motion sequence to infer intent and predict future behavior, an interpretation
heavily shaped by a history of prior interactions and innate cognitive biases. In this work, the
technical embodiment of this philosophy is trajectory optimization: a method that treats an entire
trajectory as the unit of design. Its ability to reason about a sequence as a whole positions it
as the appropriate tool for sequence-level regularization to encode the very temporal qualities
that Markovian methods are ill suited for, such as expressing high-level intent, adhering to social
conventions, and improving predictability [37, 64, 54]. This approach has proven e ective across a
range of applications for generating behavior that aligns with human expectations [92, 41, 96].

Resolving this dichotomy requires a principled synthesis: an approach that retains the power
of optimal policies while layering on the global, human-centric structure they lack. Our work opera-
tionalizes this principle through PRESTO (PREdictability-Satisfying Trajectory Optimization): as
an optimization layer, PRESTO takes an existing behavior generator (e.g., a policy created by an
RL algorithm) and injects human-perceptible patterns into this behavior via trajectory optimiza-
tion over rollouts of the policy. By explicitly balancing a predictability cost against a deviation cost
under a bounded performance loss, it provides the precise controls needed to navigate the Pareto

front between predictability and performance. This allows us to treat patterning as a core design
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variable, enabling the direct, empirical test of our central hypothesis: that aligning autonomy with

human cognition, not raw algorithmic complexity, is the key to unlocking uent collaboration.

4.2 Results

4.2.1 Experiment Overview

To investigate how aligning autonomous behavior with human cognitive patterns a ects team
uency, we conducted two between-subjects experiments. Both studies were approved by an Insti-
tutional Review Board (IRB). The rst study investigated this phenomena through an on-screen
map (online study; bird's eye view) similar to waypoint-based interaction paradigms for remotely
operating robots across large length-scales. The second study investigated the phenomena through
an immersive virtual reality (VR) outdoor environment (in-person study; rst-person view). Partic-
ipants were randomly assigned to collaborate with an agent exhibiting one of two distinct behavioral
philosophies. In the optimal condition, the agent executed a reward-maximizing path generated
by a state-of-the-art reinforcement learning policy, representing pure machine-centric e ciency. In
the patterned condition, this same optimal policy was adapted to generate behavior that conforms

to simple, human-perceptible patterns, representing a human-centric approach.

4211 Design

In the online experiment, 120 participants were recruited through the Prolic online ex-
periment platform and were randomly assigned to two conditions: optimal and patterned. Each
participant completed ten rounds of a task in which they attempted to predict a robot's path over
an on-screen bird's eye view of a map, with the agent's trajectories generated either by the optimal
reinforcement learning policy directly, or by adapting that policy's output to conform to human-
perceptible patterns. In each of the ten rounds, participants repeatedly predicted the agent's path
to a goal. After each prediction, a segment of the agent's true path was revealed, and participants

updated their prediction for the remainder of the trajectory (Figure 4.2).
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