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Human-Robot Collaboration (HRC) requires robots to maintain shared under-
standing with people. The robot’s internal belief about a human partner’s goal must
remain aligned with what the human is actually trying to accomplish, despite am-
biguity, limited explicit communication, and changing objectives. In human-human
collaboration, people rarely provide step-by-step instructions to their collaborators
to establish a shared understanding of the task; instead, intent is conveyed implicitly
through behavior and context, as well as brief, high-level language. Inspired by this
idea, this dissertation develops methods that enable a robot to infer and adapt to
human goals in human-robot collaboration using signals that arise naturally during
interaction, while minimizing the need for frequent supervision or repeated explicit
instruction.

The technical contributions are organized by increasing levels of human interven-
tion and increasingly challenging sources of uncertainty. First, for adaptation from
passive observation, we present an online contrastive representation-learning method
that tailors visual object representations to the distinctions a human implicitly defines
through their selections, enabling sample-efficient learning of task-relevant concepts

in a shared sorting task. Second, for settings where observation alone is insufficient



due to goal ambiguity, we introduce active approaches that enable a robot to take
actions that influence the human to reveal their goals through behavioral cues. We
introduce Critical Decision Points as states where policies for different possible goals
diverge maximally, and use receding-horizon planning to actively guide interaction
toward such informative states while maintaining task progress. Third, to handle
non-stationary goals, we develop a goal-change detection method and propose that
the robot takes actions that support the task while actively influencing the human to
take actions that reveal their updated goals after the human’s objective shifts mid-
execution. Finally, we introduce BALI (Bidirectional Action—Language Inference),
which treats a person’s language and their observed behavior as coupled signals about
their intended goal. BALI uses high-level directives to narrow the set of plausible goal
interpretations in the current context, uses the sequence of actions and task history
to ground and update those interpretations as the task unfolds, and asks targeted
clarification questions only when the remaining uncertainty is too high to select a
supportive action.

This dissertation contributes a set of mechanisms for maintaining shared under-
standing during human-robot collaboration through observation, active influence, and
high-level natural language directives, enabling robots to provide context-appropriate

assistance without requiring humans to manage them through exhaustive instruction.
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Chapter 1

Introduction

One of the central visions of robotics research is to integrate robots into everyday
life, shifting from robots that excel in structured, pre-specified settings to robots that
can support people in unstructured, everyday environments. In this vision, robots
function ubiquitously. At work, they assist with complex unstructured tasks. In
healthcare facilities, they augment patient care and clinical workflows. At home,
they take on everyday chores that improve quality of life.

The status quo for real-world robotic systems stands in stark contrast to this vi-
sion. Today’s deployed robots excel in predictable, engineered environments where
tasks are predefined, and operating conditions remain static. For example, in an au-
tomotive assembly line, a manipulator can weld a vehicle chassis with sub-millimeter
precision because the task specification, workspace geometry, and allowable interac-
tions are explicitly defined and kept consistent. This paradigm works when the world
around the robot is constrained, meaning the workspace is structured and people
are either absent or interact with the robot in tightly prescribed ways. In everyday
settings, by contrast, robots must operate amid people whose goals, preferences, and
constraints can vary across situations and over time, and success cannot depend on

the environment, or its human partners, being engineered to match a fixed set of



assumptions.

This reliance on explicit structure highlights a key barrier to deploying robots in
human-centric environments which is achieving shared understanding when working
with people. When working as a team, the robot’s internal belief about the human’s
current goal must match the goal the human is actually pursuing [34, 255]. When
two people work together on a shared task, it is natural for them to act without
repeatedly verbalizing their goals. Goals are typically left unstated and inferred
from context by the partner. When working with a robot, it would be ideal if the
robot could infer the human’s goal from implicit evidence in the human’s actions
and the evolving task context. When that inference is correct, the robot’s assistance
complements the human’s efforts. When it is wrong, the robot can perform actions
that are counterproductive for the joint task. For example, consider a person and
a robot collaborating to set up a workspace for an upcoming project. The person
spreads several tools on a table and begins grouping them. If the robot infers the
goal as “clear the surface” (or “put away loose items”), it may collect those items and
store them. However, since the human’s actual goal is to sort and stage materials for
the next step, this action removes tools that are intentionally laid out to support the
task, interrupting progress and forcing the human to recover. The failure occurs due
to a breakdown in shared understanding.

Prior work on establishing shared understanding between a human and a robot
often requires the human to make the goal explicit through repeated instructions or
demonstrations [57, 82, 248], which can be impractical in real-world interactions. This
dissertation instead argues that the robot should assume the burden of maintaining
shared understanding. To that end, we develop approaches in which the robot uses
goal inference to align with the human’s intent from the signals already present in
interaction, requiring minimal additional intervention. We show that accurate goal

inference enables the robot to take timely, goal-directed, supportive actions that



reduce the human’s workload, rather than waiting for explicit commands, without

requiring the human to continually supervise the robot.

1.1 Challenges for Shared Understanding with Min-
imal Supervision

When a robot attempts to establish shared understanding with people without re-
quiring frequent supervision, two recurring challenges arise: (1) inferring intent from
observations of human behavior, where the same observed verbal or non-verbal hu-
man behavior can admit multiple plausible interpretations depending on context, and
(2) adapting under non-stationary human objectives, where goals and preferences can
shift over the course of an interaction, requiring the robot to detect and respond to

changes with or without explicit re-instruction.

1.1.1 Inferring Intent from Observations of Human Behavior

In many collaborative tasks, a person’s (both verbal and non-verbal) behavior is often
not a clean “label” of a single intent for their robotic partner. People typically act
and communicate in ways that are sufficient for another person who shares context,
but those same signals can leave multiple interpretations open for a robot which lacks
that same understanding of context. As a result, the robot must infer intent from
partial evidence and decide how strongly any observed action or utterance should
update its belief about the human’s goal.

The same action can mean different things depending on when it occurs in the
task, what has already happened, and what constraints are currently in play. For
example, if the human’s goal were to make a specific recipe, reaching toward an
ingredient in a shared workspace could reflect (i) commitment to a particular goal,

(ii) a preparatory step that supports many goals, (iii) a probe to check availability or



state, or (iv) a coordination action intended to guide a partner rather than directly
advance the task. This creates a key inference problem. The robot must decide which
observed actions should be treated as strong evidence about the human’s goal, and
which are better interpreted as broadly compatible steps that do not yet disambiguate
what the person is trying to do. This issue is common in longer tasks where different
long-term goals share overlapping early action sequences. In a kitchen, early actions
such as retrieving a bowl, clearing space, or washing produce are compatible with
many recipes and therefore constrain the goal set only weakly until a more distinct
action occurs, such as selecting an unusual ingredient or appliance. For the robot
to provide timely support, it must recognize when observed behavior meaningfully
narrows the goal set and when it does not.

Language exhibits the same property. People often communicate at a level that
works for human partners because it relies on shared context and common conven-
tions, leaving the listener to fill in missing details. Directives like “set up for the next
step” specify an intended effect but not which objects should be staged, where they
should go, or which continuation counts as the next step when several are plausible.
“Do it like last time” refers to a prior episode but does not specify which aspects
should match, such as the final arrangement, the sequence of actions, or the division
of labor. Even “hand me that” can be unclear when multiple objects are present or
when timing matters. The robot must determine what each utterance implies, what
it leaves open, and how it should combine language with the ongoing action context
to infer the human’s intent.

A further difficulty is that the robot observes only what the human chose to do
or say, not the alternatives they considered or the outcomes they were trying to
avoid. This missing decision context makes it hard to infer what is essential versus
incidental. For example, if a person repeatedly places tools in a particular spot, the

robot cannot tell whether that placement is required for the task, preferred for safety



or reachability, or simply a convenient byproduct of the current layout. The robot
must therefore infer intent from behavior that is informative but incomplete, using
context to interpret actions and language without requiring the human to describe

every detail.

1.1.2 Adapting under Non-Stationary Human Objectives

Non-stationarity arises when the human partner’s goal changes while the task is
underway. The change may be prompted by the environment (e.g., a missing resource,
a new time constraint) or by the person revising what outcome they desire. In either
case, a goal that was consistent with the person’s earlier behavior may no longer be the
goal that best explains what they are doing now. When this happens, assistance that
was helpful moments ago can quickly become unhelpful. For example, if the robot has
been arranging tools or materials to support an inferred plan and the person switches
to a different plan, the robot’s continued arrangement can put items in the wrong
places or make the next step harder for the person.

Goal changes create a structured inference problem for the robot. The robot must
first determine whether the human’s objective has changed, and it often cannot rely
on an explicit announcement. Instead, it must interpret indirect evidence such as
shifts in object selections, changes in the order of steps, or brief high-level directives.
Even when such evidence appears, it is rarely decisive at the moment it occurs because
different goals can share substantial portions of the same action sequence, so the initial
actions after a change may still be compatible with both the prior and current goal.
At the same time, a change in behavior does not necessarily imply a change in goal as
people may reorder steps, take a shortcut, or respond to a temporary constraint while
still pursuing the same objective. As a result, the robot must decide when observed
differences justify updating its goal belief versus when they reflect ordinary variability

within the same goal, and do so quickly enough that its assistance remains useful.



1.2 Contributions

This dissertation asks:

How can a robot maintain shared understanding with a human partner in
long-horizon tasks by inferring the human’s goal and acting in a manner
consistent with the human’s preferences and constraints, using the signals
naturally available during interaction, without requiring frequent supervi-

sion or repeated explicit instruction?

To address this question, we tackle the two challenge dimensions described above by
developing methods that enable a robot to use the signals available during interac-
tion to infer intent and keep that inference aligned with the human over time. The
first, second, and fourth contributions aim to address the challenge of inferring intent
from observations of human behavior. The first contribution enables a robot to learn
task-relevant visual representations from sparse object selections so that a human-
defined target category becomes separable for downstream classification. The second
contribution enables a robot to plan its actions that influence humans to states in
their shared environment where different possible human goals predict meaningfully
different next actions, so that observing the human at those states provides more
informative evidence for goal inference. The fourth contribution enables a robot to
jointly interpret what a person says and what they do by using language, action his-
tory, and task context to infer goals from underspecified directives, including cases
where the intended goal is not restricted to a predefined set. The third contribu-
tion addresses the challenge of adapting under non-stationary human objectives by
enabling a robot to detect when observed behavior is no longer consistent with its

current goal prediction and to update its goal belief to recover alignment.

1. For inferring a human-defined object category from partial behav-

ioral evidence: We introduce an online approach that treats a person’s object



selections during a shared task as sparse evidence of what visual distinction
matters, and learns a representation that makes that distinction separable for
downstream classification [93]. The key challenge is that, in realistic interaction,
the robot observes only the objects the person chooses to act on, and cannot
assume that non-selected objects are negatives. To address this, our method
integrates human-provided positives into contrastive representation learning by
adding a loss that pulls the representations of the human-selected examples
together in latent space, aligning the learned representation with the human’s
task-specific requirement. The resulting representation supports learning a clas-
sifier for the desired category from few examples and can be updated online as

additional selections are observed.

. For resolving goal ambiguity through informative interaction states:
We introduce Critical Decision Points (CDP) as states in the environment where
the optimal policies for different goals maximally diverge. If the robot were to
observe the human take an action from a CDP, it would make the human’s
next action especially informative about the goal being pursued [92]. This
formulation is agnostic to the interaction type, applying in both cooperative
and competitive settings. To leverage these states, we use receding horizon
planning [172] to look ahead and select actions that steer the interaction toward
a CDP while maintaining task progress, enabling earlier disambiguation without

interrupting the task for explicit queries.

. For adapting to non-stationary goals during interaction: We introduce
an approach for goal change detection that identifies when observed behav-
ior deviates from the robot’s predicted goal [87]. To infer the updated goal,
our method selectively retains past information that remains relevant in the

new context to seed a revised belief, rather than discarding the full interaction



history. It then executes differentiating actions—supportive moves designed
to both advance the task and elicit behavior that helps validate the revised
goal—allowing the robot to realign more quickly than approaches that assume

goals remain fixed.

4. For inferring and acting under open-ended goals from underspecified
human directives coupled with behavioral cues: We introduce Bidirec-
tional Action-Language Inference (BALI) for goal prediction [90]. BALI uses
large language models to interpret ambiguous language in conjunction with task
history and observed actions to infer the human’s goal, enabling the robot to

provide appropriate support even when the goal lies outside a predefined set.

1.3 Thesis Outline

This dissertation develops mechanisms that allow robots to maintain shared under-
standing with human partners by inferring and adapting to human goals, preferences,
and constraints through natural interaction, without placing the burden of frequent
supervision on the human.

We begin in Chapter 2 with a review of existing approaches for enabling robots
to adapt to people online through interaction in human-robot collaboration. In this
chapter we provided a broad overview of the challenges motivating our work. In
Chapter 2 we examine how prior systems have attempted to learn from and adapt
to human partners during collaboration, identifying key limitations that our work
addresses.

After this review, Chapters 3-6 are ordered by increasing levels of human in-
tervention required for the robot to adapt: we begin with adaptation from passive
observation, move to adaptation through active influence in interaction, and then

consider adaptation from ambiguous high-level verbal guidance.



Chapter 3 focuses on adaptation from passive observation. We describe a method
for tailoring visual object representations to human requirements through passive
observation. We show how contrastive learning can enable a robot to learn user-
specific visual concepts online from sparse positive feedback, allowing it to infer goals
even when they depend on arbitrary, user-defined attributes not captured in standard
perceptual representations.

Chapters 4 and 5 then consider multi-step tasks where it would be impractical
for the robot to wait for the human’s goal to become clear to provide adequate
assistance. So, we propose that the robot use its actions to obtain more informative
evidence during the task. The work in Chapter 4 introduces Critical Decision Points
(CDPs), states at which the human’s actions are maximally informative because
different goals induce divergent optimal behavior. We use Receding Horizon Planning
to steer interactions toward CDPs through robot actions, and evaluate the approach
in both long-horizon collaborative tasks and competitive scenarios, showing that goal
ambiguity can often be resolved earlier without requiring explicit instruction. Chapter
5 extends this active setting to non-stationary goals. We present an approach that
detects when a human partner has shifted their objective mid-task and introduce
Differentiating Actions that enable the robot to efficiently determine the new goal by
selectively reasoning about past information that remains relevant in the new context.

Chapter 6 tackles open-ended goal inference from people’s actions and high-
level directives conveyed using natural language. We introduce BALI (Bidirectional
Action-Language Inference), an approach that leverages large language models in con-
junction with observed human actions and task history to infer and adapt to goals
that lie outside a robot’s predefined knowledge base.

We conclude in Chapter 7 with a summary of the work presented in the disser-
tation, followed by limitations and directions for future work in building robots that

can function in human environments.



Chapter 2

Adaptation in Physical
Human-Robot Collaboration: A

Review

As discussed in the previous chapter, effective human-robot collaboration requires a
robot to maintain shared understanding with its human partner over extended inter-
actions, so that it can act in ways that respect human preferences, constraints, and
evolving task context. This chapter surveys prior work on adaptation in human-robot
collaboration, focusing on how robots update their behavior during interaction rather
than relying solely on pre-defined policies. We review how existing systems adjust
robot behavior during an ongoing physical collaboration in response to changes in
human actions, state, and task context, and organize this literature along key design
dimensions that shape adaptation during execution. Through this review, we high-
light recurring assumptions and limitations in prior approaches that motivate the

methods developed in the remainder of this dissertation.
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2.1 Introduction

This survey focuses on adaptation in physical Human—Robot Collaboration (pHRC),
specifically settings in which a human and a robot must coordinate their physical ef-
forts, operate within a shared workspace, and work toward a common task goal. We
review how prior systems support such coordination by observing human behavior
during interaction, interpreting these observations to model the state of the collabo-
ration, and adapting robot behavior to better support joint task execution. Consider
a collaborative assembly where the human reaches for a part before fully clearing
the workspace, or changes the order of steps midstream to accommodate a momen-
tary constraint. A robot that executes a fixed action sequence can still be “correct”
with respect to its original plan, yet become an unreliable teammate. It may present
parts too early, obstruct the human’s motion, apply assistance at the wrong time,
or hesitate during handoffs, producing delays, awkward recoveries, or safety-critical
interference. In pHRC, success is therefore not determined solely by task completion,
but by whether the robot remains synchronized with a partner whose actions and
intentions evolve over the course of execution [105].

As robotic systems enter industrial, medical, and domestic settings, the ability
for robots to physically cooperate with humans is becoming increasingly important.
Unlike autonomous operation in static environments, where a robot can execute a plan
in isolation, collaborative tasks in the real world require the robot to function as a
responsive teammate. Across a range of collaborative tasks, the robot’s effectiveness
as a collaborator depends on its ability to coordinate with the human partner in
real time [105]. Human partners introduce significant uncertainty through changing
plans, evolving preferences, fluctuating physiological states, and natural variability
in motion [121]. Consequently, if a collaborative robot relied on pre-scripted or rigid
behaviors, it would eventually fail to coordinate effectively, leading to reduced fluency,

interaction breakdowns, or safety risks.
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To support seamless collaboration, the robot requires adaptation, the ability to
adjust its behavior during the task to accommodate the specific and evolving needs
of its human partner. Evidence from physical human-robot collaboration also sup-
ports the need for adaptation during interaction. Robots that adjust their behavior
in response to human physical state, preferences, or reactions—such as reallocating
roles when a human becomes fatigued [213] or inferring a new partner’s collaboration
style/preferences online (e.g., among learned user types) and selecting assistance ac-
cordingly [197]—have been shown to improve task performance as well as perceived
anticipation and comfort. More recent systems show that continuous adaptation
during interaction can support trust and acceptance while maintaining safety and
efficiency, especially in settings where human behavior varies or is difficult to model
in advance [268, 176]. In these scenarios, the value of adaptation lies in the robot’s
ability to remain responsive as the interaction unfolds and adjust its behavior based

on ongoing interaction.

2.1.1 Method, Scope and Organization of the Survey

Focusing on a little over a decade of research (2015-2026) in physical human-robot
collaboration, this survey examines a robot’s adaptation to human behavior in a vari-
ety of co-located physical collaborative tasks, where the robot must update its actions
at execution time to advance the collaboration. To compile the corpus of literature
for this survey, we searched the proceedings of the following major conferences and
journals within the robotics and human-robot interaction communities: ACM/IEEE
International Conference on Human-Robot Interaction (HRI), IEEE International
Conference on Robotics and Automation (ICRA), IEEE/RSJ International Confer-
ence on Intelligent Robots and Systems (IROS), IEEE Robotics and Automation Let-
ters (RA-L), IEEE Transactions on Robotics (T-RO), IEEE International Symposium

on Robot and Human Interactive Communication (RO-MAN), ACM Transactions on
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Human-Robot Interaction (T-HRI), Conference on Robot Learning (CoRL), Interna-
tional Journal of Robotics Research (IJRR), Autonomous Robots, Robotics and Au-
tonomous Systems (RAS), Frontiers in AI and Robotics and Robotics: Science and
Systems (RSS). We then reviewed the reference lists of the identified papers to find
additional relevant papers. Our search targeted paper titles and abstracts containing
the terms human—robot collaboration, human—robot teaming, or shared autonomy, in
combination with the term adaptation.

Given the breadth of the literature in this domain, we restrict our scope to dyads
consisting of a single human and a single physical robot working in a shared workspace
towards a common goal, and exclude works that fall outside the domain of co-located
physical collaboration, such as social navigation and remote tele-operation settings.
We prioritize approaches in which adaptation occurs during the ongoing interaction,
as the human and robot act together and respond to each other’s behavior in real time.
Finally, to ensure the survey addresses the challenges of real-world collaborations,
we only consider methods validated on real robotic platforms with human partners,
excluding works where adaptation is demonstrated solely in simulation environments.

Consistent with this focus, we exclude work that uses structured human-robot
collaboration tasks solely to collect data for future adaptation, as well as long-term
personalization approaches where adaptation occurs over a longer time period rather
than within a single interaction. We similarly do not cover approaches that predict
human intent or goals without using those predictions to alter robot actions during
execution. Our survey instead centers on methods that close the loop from online
observation to immediate behavioral change, reflecting the unique demands of real-
time, co-located physical human—robot collaboration.

We structure this review by first analyzing the assumptions the robot makes about
its human partner’s behavior in Section 2.2. Inspired by Nikolaidis et al. [195], we

distinguish between One-Way Adaptation, where the robot treats the human as an
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independent agent whose actions are unaffected by the robot, and Mutual Adaptation,
where the robot explicitly models the interaction as a coupled system, accounting
for the fact that the human partner is also adapting their behavior in response to
the robot. Following these modeling assumptions, in Section 2.3 we categorize the
algorithmic mechanisms used to implement responsiveness, covering the planning-
based, learning-based and transient behavioral adaptation approaches to enable online
adaptation in pHRC. We then examine the information flow between the human and
the robot while working on a shared task, detailing how diverse cues inform specific
adjustments in the robot’s behavior in Section 2.4. Section 2.5 discusses the various

tasks, evaluation settings and metrics used to validate these systems.

2.1.2 Comparison to Other Surveys

In this survey, we focus on the robot’s ability to adapt its physical behavior during
task execution. While prior reviews on planning, task allocation, and role assignment
in physical human-robot collaboration survey coordination mechanisms broadly, they
do not center on how robot actions are modified online in response to observed human
behavior within an ongoing interaction [156, 244]. We instead organize the literature
around within-episode adaptation, considering methods in which execution-time ob-
servations of the human and the shared task directly change the robot’s subsequent
actions, from high-level task and role adjustments to continuous changes in trajectory,
timing, and synchronization. Similarly, the review of interactive robot learning by
Baraka et al. [25] covers learning skills from the human. In contrast, a part of this
survey focus on the application of learning to support collaboration, detailing how
policies are tuned online to support a human partner during collaboration. Finally,
whereas the survey on intention estimation by Hoffman et al. [121] analyzes the per-
ception of human intent, it is not concerned with how the robot uses these predictions

to reason about what actions to take. We focus on this complementary action phase,
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reviewing how these estimates are mapped to adaptive robot behaviors.

2.2 Human Modeling Assumptions for Online Adap-
tation

Different approaches make different assumptions about whether human behavior is
merely observed by the robot or explicitly anticipated when choosing robot actions.
Some approaches treat the human as external to the robot’s action selection process
[197, 308, 129]. In these cases, the robot observes human behavior and may infer
latent variables such as intent, task state, or progress. These inferences are used to
reason about how the robot should adapt its actions. However, when selecting among
candidate robot actions, the robot does not explicitly consider how different actions
would change the human’s behavior. Human behavior informs the robot’s under-
standing of the current state of the interaction, but it is not modeled as something
the robot actively influences through its choices. Following Nikolaidis et. al’s [195]
definition, we call such approaches One-Way Adaptation.

Other approaches instead treat the human as responsive to the robot. Here,
the robot reasons about how its own actions are likely to affect the human and
uses these predictions when deciding what to do next (eg. [197, 192, 92]). For
each candidate robot action, the robot predicts a corresponding human response
and compares actions based on their expected impact on the joint interaction. In
this formulation, the robot’s decision-making explicitly depends on how humans are
expected to react, not just on the current observed state. Therefore, as proposed by
Nikolaidis et. al [199], we call such approaches Mutual Adaptation.

In the context of physical human-robot collaboration, the key distinction is there-
fore not whether the robot models the human at all, but how that model is used. In

one-way adaptation, human models are used only to interpret past or current behav-
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ior, adapting reactively once the human’s response is observed. In contrast, mutual
adaptation approaches use human models proactively, to evaluate candidate robot
actions based on their predicted effects on human behavior. This commitment to
action-conditional prediction enables forms of adaptation that account for how hu-
mans are likely to respond to robot choices, rather than relying solely on correction
after the fact.

This distinction between One-Way and Mutual Adaptation also aligns with ideas
from cognitive science on social reasoning, which explain behavior in terms of un-
observed goals, beliefs, and plans [71, 96]. Computationally, such reasoning is often
formalized through inverse planning, where an observer infers latent goals or beliefs
from observed actions under the assumption that agents act approximately rationally

with respect to those goals [21].

2.2.1 One-Way Adaptation

In One-Way Adaptation, the robot uses a model of the human to interpret obser-
vations and adjust its behavior, but it does not reason about how different robot
actions would shape future human behavior [197, 308, 214]. The human model is
used to estimate aspects of the interaction such as intent, progress, preferences, or
capability, and robot behavior is conditioned on these estimates. Adaptation occurs
by reacting to inferred human state rather than by anticipating how the robot’s own
actions will influence the human. This modeling assumption appears widely across
task domains and adaptation techniques. Despite the differences in task structures,
the fact that the robot observes human behavior, updates internal estimates of rele-
vant human variables, and selects actions based on those estimates, stays consistent.
Human behavior may change over time, but those changes are treated as arising from
the human or the environment, not as outcomes of the robot’s specific action choices.

A key modeling distinction within one-way adaptation is whether the robot treats

16



the human as stationary within an interaction episode or allows for non-stationary
behavior. This distinction reflects whether the robot expects the human to behave
in a consistent, predictable way during the episode, or whether it must be prepared
for unexpected changes in human behavior that are not attributed to the robot’s own

actions.

Stationary human models

Across the literature, the assumption that the human will behave in an expected
and consistent way within an interaction episode was common. The robot may track
interaction state such as task phase, intent, or progress, but it does not revise the
underlying assumptions about how the human behaves.

This assumption is frequently used in systems that synchronize robot behavior
with human activity. Many approaches that track people’s intent or task progress
infer what the human is doing and adapt robot timing, assistance, or task selection
accordingly, while relying on a fixed interpretation of human behavior [308, 129].
Proactive assistance approaches based on progress estimation similarly assume stable
human behavior patterns that enable timely intervention [69, 113]. Related assump-
tions appear in shared autonomy and planning systems where the meaning of human
inputs, such as language commands or low-dimensional control signals, is interpreted

in a fixed manner within an episode [141, 133, 98].

Non-stationary human models

Under the assumption that the human behavior may be non-stationary, the robot
does not assume that the human will continue to behave in a fixed and expected way.
Instead, it models aspects of human behavior or state that may change over time and
updates its internal estimates accordingly. These changes are not attributed to the

robot’s actions, but to shifts in the human’s condition, preferences, or understanding.
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Fatigue- and ergonomics-aware collaboration is a representative example. These
systems infer changes in physical state from interaction signals and adapt assistance
or role allocation as the human’s capability evolves [214, 149]. Trust-aware approaches
similarly treat trust as a latent variable that changes during interaction and modulate
robot behavior to avoid interference when the human’s trust in the robot is negatively
affected [110, 231]. There has been other work where the robot adapts to changes
in human preferences, or desired level of autonomy, updating internal models as new
evidence becomes available [307, 201, 38, 88]. Learning from physical corrections or
demonstrations similarly revises the representation of the human model in response
to corrective inputs [18]. Error detection, explanation, and recovery systems adapt
based on changes in human awareness or reaction, adjusting robot behavior without

modeling those changes as consequences of robot action choices [152, 67, 251].

2.2.2 Mutual Adaptation

In Mutual Adaptation, the robot assumes that its own actions can influence how the
human behaves during the task and takes this into account when selecting actions.
Rather than treating human behavior as fixed or independent, the robot reasons
about how different robot actions are likely to shape the human’s future behavior
and chooses actions accordingly.

This assumption appears commonly in shared autonomy settings, where humans
and robots act concurrently and continuously respond to one another. Prior work
shows that modeling how willing a human is to adapt allows the robot to either guide
the human toward a more effective strategy or comply when the human resists change,
improving team performance while preserving trust [200, 195]. Related formulations
use belief-based or bounded-memory models to capture how humans adjust their
strategies over time and allow the robot to guide the interaction toward more efficient

coordination [97].
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Several works extend mutual adaptation beyond immediate interaction and con-
siders adaptation over repeated or long-horizon interaction. In these settings, robot
actions influence how humans explore, learn, or make decisions over time rather than
simply responding to the current state. Examples include modeling how assistance
can shape human exploration to improve long-term outcomes [47] and framing the
robot’s influence as a control problem where the robot influences human behavior in
multi-step tasks [233].

Mutual adaptation has also been studied in collaborative planning and task alloca-
tion, where roles are not fixed in advance. Cross-training approaches allow robots and
humans to alternate roles during training so that each learns how the other adapts,
leading to better alignment, trust, and fluency during execution [194]. Prior work has
also proposed hierarchical planners that enable robots to select complementary ac-
tions based on observed human behavior without relying on explicit communication,
allowing coordination to emerge online rather than through predefined leader—follower
roles [223]. Other frameworks explicitly adapt robot behavior to individual human
traits across interaction scales using belief-space reasoning [97].

Finally, modeling mutual influence does not imply that both agents are always
actively adapting. A robot may reason about how its actions affect the human even
when the human is not consciously adjusting their strategy. We therefore reserve
claims about mutual adaptation dynamics for work that explicitly models or analyzes
adaptation on both sides within the interaction, rather than cases where influence is

used solely as a robot-side decision-making assumption [200, 195].

2.3 Adaptation Techniques

We organize adaptation approaches based on the mechanism through which robot be-

havior changes during collaboration. Across the literature, systems differ in whether
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adaptation is achieved by planning actions under an explicit model, by updating
internal models through learning, by temporarily modulating behavior during exe-
cution without changing the underlying model, or by a combination of these mecha-
nisms. These choices affect what information is extracted from human behavior, how
quickly can the robot adapt its behavior, and how adaptation interacts with human
expectations and task structure. This section reviews planning-based approaches,
learning-based approaches, transient behavioral adaptation, and hybrid approaches,
highlighting how each class of approaches support adaptation in human robot collab-

oration and the tradeoffs they impose.

2.3.1 Planning-based Adaptation Approaches

In planning-based approaches, the robot adapts by recomputing plans under an ex-
plicit task and interaction model. Adaptation occurs through repeated planning or
optimization over task structure, action sequences, or trajectories as new or inferred
information about the human’s actions, goals, or internal state becomes available.
Differences across methods arise from what is included in the planning model, the
abstraction at which planning occurs and what sources of uncertainty are explicitly
represented.

A first class of planning-based approaches adapts at the task level using hierarchi-
cal representations, where structure is the main resource for online adaptation. The
key idea is that a shared task model structures the interaction into identifiable steps
and choices, such as which subtask to pursue next or how work should be divided,
allowing the robot to reconsider its plan at those moments without reasoning over the
full space of possible actions. Ramachandruni et al. [223] instantiate this by select-
ing supportive actions conditioned on observed human progress within a hierarchical
task model, effectively using the hierarchy to map continuous execution signals into

discrete replanning updates. Roncone et al. [227] similarly use task structure to re-
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evaluate role assignment and task allocation online, enabling the robot to adjust who
does what nest as execution unfolds. Mangin et al. [178] extend this paradigm to
settings where progress cannot be observed directly by deriving a Partially Observ-
able Markov Decision Process (POMDP) from the shared hierarchical representation
and using an online solver to choose supportive actions and recovery behaviors under
uncertainty. These works illustrate that task-level planning is well suited for adapta-
tion when the main uncertainty lies in task progression and role allocation, and when
a hierarchical structure provides a compact representation that supports repeated
replanning during ongoing collaboration.

A second class integrates task planning with motion planning or trajectory opti-
mization to adapt online when the main challenge is satisfying physical constraints
during execution rather than selecting the task itself. In some systems, replanning is
required because the form of physical interaction changes over time, such as when re-
sponsibility for supporting an object shifts between partners or when contact is made
or broken. In others, the interaction form is fixed, but uncertainty about the human’s
motion or coordination strategy requires the robot to continuously update the joint
trajectory to remain safe and aligned. For example, Gottardi et al. [98] represent
the case when the form of physical interaction changes over time by using receding-
horizon task-and-motion planning to update both the task sequence and motion plan
when execution deviates from an expected collaboration. Similarly, Gienger et al. [94]
emphasize interaction mode changes by representing cooperative manipulation with
discrete contact-defined interaction modes, updating the mode estimate from force
interaction cues, selecting feasible mode transitions, and then generating trajecto-
ries to realize the chosen mode under current conditions. On the other hand, Yang
and Mavrogiannis [296] propose an approach for keeping the interaction mode fixed
while repeatedly re-optimizing trajectories under uncertainty about the joint traver-

sal strategy, trading off task efficiency with reducing uncertainty about the partner’s
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behavior.

Planning-based adaptation is useful under goal uncertainty because it lets the
robot choose actions while explicitly managing two complimentary requirements of
making progress under the current best goal hypothesis, and preserving safety and
recoverability if that hypothesis is wrong or changes. The studies in this group mainly
instantiate one of two planning structures. One structure maintains an explicit set of
competing goal hypotheses and uses receding-horizon lookahead to select actions that
are simultaneously supportive and informative, so the robot both helps and reduces
ambiguity about what the human is trying to do [88, 91]. The other structure
avoids committing to a single action sequence by synthesizing a reactive state-to-
action strategy from a temporal logic specification, so behavior remains correct across
modeled human behaviors while guaranteeing safety and progress constraints [95].

A further subset of planning-based approaches expands the planning state to in-
clude latent human factors that affect how the human will act, so adaptation consists
of selecting robot actions that trade off immediate task progress against predicted
downstream coordination effects. The common structure is: (i) posit a latent vari-
able describing the human (e.g., preference, trust, fatigue, learning/adaptability), (ii)
maintain a belief or estimate of that variable from interaction evidence, and (iii) plan
actions that account for how the latent variable will shape future human behavior and
may itself be influenced by the robot. Prior work using this paradigm differ mainly in
the choice of latent variable and the decision model used to optimize under it which
can be preferences over leading or following task allocation [201], adaptability with
bounded memory in decision-theoretic planning [195], trust dynamics embedded in
a POMDP [52], leader-follower reasoning with additional latent factors such as trust
and fatigue in Stackelberg and stochastic game formulations [314, 167], and human
learning treated as a latent evolving state that is incorporated into the planning

objective [263].
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Finally, a separate subset of approaches adapts the structure of the robot’s plan
itself, rather than the task, motion, or human model, with the goal of making robot
behavior easier for the human to anticipate and work with over long horizons. This is
typically expressed as imposing reusable plan patterns to improve anticipability [168]
or conditioning task planning on elicited user preferences and instruction context to

produce tailored proactive suggestions [101].

2.3.2 Learning-based Adaptation Approaches

Several adaptation approaches in human—robot collaboration use learning-based meth-
ods because they allow the robot to adjust how it assists based on what it observes
during the interaction, so that its behavior increasingly aligns with how the human
acts and what they need as the task progresses. In shared autonomy, for example,
the robot must decide when to help and when to stay out of the way, especially
when the human’s intent is outside the robot’s current repertoire. Zurek et al. [318]
tackle this by having the robot detect insufficiency in its intent set, return control
when it is likely wrong, and then learn the new intent from its observation of human
behavior during unhindered execution to grow its library of possible human intents
over time. As the robot learns to support a larger set of intents, the meaning of the
user’s control inputs changes, since the same input may be interpreted differently de-
pending on what assistance the robot is now capable of providing and what the user
expects it to do. Similarly, Hoegerman et al. [119] make the dependency between
the distribution of the human’s control inputs and the robot’s communication of its
learned assistance explicit by showing that when the robot communicates its learned
assistance, humans systematically shift when they intervene versus relinquish control.
The robot then uses this information to learn how to interpret human control inputs
correctly under communication, rather than assuming the human behaves in a fixed

manner. These shared autonomy methods focus on inferring intent and interpreting
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inputs, but fluent collaboration also depends on low-level control inputs like action
timing and synchronization of the collaborating humans. For example, De Lazzari
et al. [69], propose an approach called PACE that focuses on timing and fluency by
estimating human action completion from motion and using that progress estimate
to learn a reinforcement-learning policy that synchronizes proactive robot actions to
reduce waiting and improve collaboration flow.

In many collaborative settings, humans physically or verbally intervene when the
robot is pursuing the wrong goal or optimizing the wrong aspect of the task. Some
approaches use these interventions to update what the robot is trying to optimize,
rather than assuming that the robot’s goal is known in advance and only adapting
how it executes that goal. Prior work uses human interventions during the task as
supervision to update that objective during the interaction, so the robot changes
what it is trying to accomplish, and not only how it assists. Bajcsy et al. [19]
focus on cases where a person physically intervenes because the robot is not doing
the task the way the person intends, and they treat that physical interaction as
a corrective signal about the parameters of the robot’s objective. The robot then
updates its objective during the ongoing task so that its subsequent actions better
reflect what the person is trying to communicate through the interaction, instead of
returning to executing its pre-trained task policy. In practice, physical corrections
can be ambiguous because a person may unintentionally change multiple aspects of
the robot’s behavior while attempting to correct a specific issue. Subsequent work by
Bajcsy et al. [18] address this identifiability problem by inferring which single feature
the person is trying to modify and then updating one feature at a time, which reduces
unintended learning and improves teaching efficiency. In some complementary work,
van der Spaa et al. [276] propose an approach to jointly reason about both human
intentions and human preferences during physical cooperation. They incrementally

learn these models using a combination of model-based reinforcement learning and
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inverse reinforcement learning, enabling step-by-step acquisition of collaborative skills
from few trials.

These correction driven methods focus on updating objective parameters from
physical interventions, but they typically assume that the robot already has access
to task representations that capture what the human is trying to accomplish. How-
ever, learning objectives from interaction implicitly relies on a behavioral model of
the human partner, since the same feedback or demonstration can be explained dif-
ferently under different assumptions about how the human adapts as detailed in
Section 2.2. Therefore, a class of approaches focuses on learning human and team
coordination dynamics directly, and then using these learned models to plan robot be-
havior. Nikolaidis et al. [197] learn human models from joint-action demonstrations
by clustering demonstrated sequences into human types, learning a reward function
per type through inverse reinforcement learning, and using a mixed-observability
Markov decision process to infer a new user’s type while selecting type-aligned robot
actions. Whereas this approach captures persistent differences across users, it does
not explicitly represent how a particular user may adapt within an ongoing interac-
tion. Subsequent work by Nikolaidis et al. [192] address this by formalizing mutual
adaptation with bounded memory, treating human adaptability as a latent state and
allowing the robot to decide whether to lead the human toward improved strategies
or adapt to maintain trust. In a further extension of this line of work, the robot
adopts a game-theoretic model to trade off task reward with revealing its capabilities
to shape the human’s evolving expectations [196]. Relatedly, Bansal et al. [24] model
parallel-play coordination as a game and infer the human’s equilibrium strategy via
Bayesian updates, using this inference to select trajectories that reduce interference
and improve fluency.

Learning based approaches for adaptation often address non-stationarity in the

human partner’s objectives, either because the human is still learning the task or the
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robot, or because the human may switch between distinct collaboration strategies
over time. Chan et al. [47] formalize the case where the human is still learning the
task using by proposing an assistive multi armed bandit approach. In their approach,
they model the human to be learning a reward function through experience and the
robot assists based only on observed human choices, yielding conditions under which
assistance can reduce long term regret. On the other hand, Nikolaidis et al. [194]
treat non-stationarity in human behavior as something that can be modeled through
role-switching, and propose cross training in which robot and human switch roles so
the robot refines its expectations of human responses while improving alignment and
team fluency. Complementing these algorithmic formulations, Van Zoelen et al. [279]
provide empirical evidence that such co adaptation dynamics emerge in practice by
identifying recurring interaction patterns in repeated collaboration with a reinforce-
ment learning robot, and show that human adaptation can accelerate robot learning
and improve team outcomes. Another line of work represents non-stationarity more
directly by explicitly modeling a latent collaboration strategy and conditioning robot
actions on an estimate of that latent state. Wang et al. [283] propose Co-GAIL, an
approach to learn from human-human collaboration demonstrations and train a robot
to continuously infer an unobserved latent strategy of the human partner and con-
dition its assistance on that estimate. Complementary to this work, Xie et al. [294]
use a related latent representation, but focus on learning how the human’s strategy
changes in response to the robot’s behavior, enabling the robot to select actions that
intentionally influence the partner toward strategies that support effective co adapta-
tion. Finally, related work by Tabrez et al. [254] focuses on shaping human behavior
during collaboration by monitoring whether the human’s actions are consistent with
the task constraints encoded in the robot’s reward model. When the robot predicts
that the human’s current actions will lead to failure, it intervenes with a targeted

explanation that highlights the missing or misunderstood constraint, allowing the
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human to adjust their behavior before failure occurs.

Taken together, these learning-based approaches span adaptation mechanisms
that range from updating assistance policies and intent models, to revising objectives
from corrections, to anticipating and shaping non-stationary collaborators through
explicit models of human adaptation and latent strategy. In sum, a key design choice
in learning for adaptation is which aspect of the interaction to treat as learnable,
namely assistance, objective, representation, or human strategy, and which signals to

rely on at run time.

2.3.3 Transient Behavioral Adaptation Approaches

Another family of adaptation approaches centers on transient behavior changes made
during execution. In contrast to learning-based approaches, these methods do not
update model parameters or a plan during the interaction. Instead, they estimate
the relevant interaction state and make temporary modifications to how a pre-trained
policy or pre-computed plan is applied, such as switching roles, adjusting autonomy,
choosing among fixed behaviors, or adjusting motion.

One line of work focuses on estimating aspects of the human’s physical state dur-
ing collaboration and adjusting robot assistance to reduce physical strain without
disrupting task progress [295]. In co-manipulation, Peternel et al. [214] infer fatigue
from physiological signals and adapt the interaction by shifting initiative to the robot
as the human becomes tired. Related work by Suresh et al. [252] treats fatigue as a la-
tent factor that shapes how the human behaves, infers the most likely fatigue-related
type from observed actions, and selects a team policy learned from demonstrations
that reflects that state. Kim et al. [149] address physical load more directly by es-
timating musculoskeletal strain and adjusting supportive motion online to encourage
safer postures while preserving task performance. Across these approaches, adap-

tation is realized either through discrete role changes or through continuous motion
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adjustment, which in turn determines how frequently state estimates must be updated
and how precise the underlying sensing needs to be.

At the interaction level, a related set of approaches adapts robot behavior based
on estimates of interaction-specific variables such as trust, willingness to accept guid-
ance, or uncertainty about preferences. The common idea is that effective assistance
depends not only on what task is being performed, but on how receptive the hu-
man is to robot initiative at a given moment. Hannum et al. [110] demonstrate this
in collaborative carrying by estimating trust from motion cues, interaction history,
and task outcomes, and then adjusting assistance so the robot matches the human’s
pace when trust is high and reduces initiative when trust is low. Sadrfaridpour et
al. [231] adopt a similar perspective in collaborative manufacturing, modeling trust
as a dynamic quantity and regulating autonomy level and robot speed to maintain
both productivity and user confidence. Other work focuses on preference uncertainty
rather than trust. Similarly, Mahmud et al. [175] maintain a belief over whether a
human prefers to lead or follow during collaborative transport and switch roles online
as the robot gathers more information about the human’s preferences through interac-
tion. Complementary experimental results by van Zoelen et al. [278] show that subtle
robot behavior changes can induce humans to shift between leading and following,
supporting the idea that initiative is not fixed but emerges through interaction.

Another category of work enables adaption through intent estimation, where the
robot continuously interprets what the human is trying to do and uses that estimate
to select actions in the moment. For example, Huang et al. [129] uses a collaborative
industrial assembly task where the robot must keep pace with the human as intent
evolves during execution. They estimate which collaboration stage the human is in
and which subtask the human is attempting, and then use those estimates online
to choose between behaviors such as yielding to avoid interference or intervening to

assist when failure is likely.
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A complementary line of work changes the selection and sequencing of robot be-
haviors at runtime based on task progress, without modifying the behaviors them-
selves or learning new ones. In these systems, the robot has a fixed set of skills, but
it must decide which skill to execute next and when, because the human may choose
different steps or complete steps earlier or later than expected. For example, Ionova
and Behrens [133] propose CoBOS, which uses online constraint-based scheduling in-
side an execution controller to select feasible next robot actions that complement the
human’s progress. Hagenow et al. [107] propose a similar approach for corrective
shared autonomy, where the robot executes a default autonomous behavior and ap-
plies real-time human corrections to selected task variables during execution rather
than updating the default behavior.

Finally, some approaches adapt low-level motion trajectories of the robot conti-
nously to maintain safety and coordination as human motion. For example, Jain et al.
[136] anticipate near-term human motion and update robot trajectories online using
multi-objective optimization to balance safety and comfort with interaction efficiency.
Ibarguren et al. [131] present a similar approach but for dual-arm co-manipulation
tasks that adapts in the control loop through impedance control and force feedback,
coordinating trajectories in real time and providing feedback cues so the human and
robot remain coordinated under disturbances.

Overall, these transient behavioral adaptation approaches complement learning-
based and planning-based techniques by enabling rapid within-interaction adjust-
ments when uncertainty during the interaction can be handled through online state
estimation and short-term modulation of assistance, rather than by updating learned

policies or revising plans.
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2.3.4 Hybrid Adaptation Approaches

Many hybrid approaches to adaptation in human-robot collaboration have been pro-
posed because collaboration in complex real-world tasks often needs both anticipatory
decision making and fast in-the-moment flexibility [136, 38]. On one hand, the robot
benefits from learning structure from data so it can predict and coordinate with peo-
ple in ways that match how teams actually behave. On the other hand, even a good
learned model will sometimes lead to failures, and collaborators often prefer to correct
or shape behavior with quick, lightweight interventions during execution rather than
by providing many new demonstrations. This has led to two common hybrids that
combine learning with different downstream mechanisms, combining learning with
planning or transient behavioral adaptation approaches.

The first set of approaches combine learning with planning, where a learned model
supplies the predictive or preference structure and a planner uses it online to select
the robot’s next actions. For instance, Ng et al. [188] propose an approach to learn
a distribution over cooperative carrying trajectories from demonstrations and then
use that learned model inside a receding-horizon planner to repeatedly generate co-
ordinated motion as the interaction unfolds. The learned model captures multimodal
team strategies from data, while the online planning loop handles deviations and
keeps the robot’s behavior synchronized with the human partner. Zhao et al. [307]
apply a similar pattern at the task level by learning a human partner’s contribution
preference during the interaction and then planning robot actions subject to that
inferred constraint so task responsibility is allocated in a way that better matches
how the human wants to participate. More recently, Hagenow et al. [108] propose an
approach called REALM, which estimates the expected value of different forms of hu-
man input from a learned stochastic policy’s uncertainty and selects among assistance
modes online while accounting for the effort imposed on the human.

The second set of approaches combine learning with transient behavioral adapta-
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tion approaches, where learning produces either a policy or a control interface, and
adaptation happens by giving the human an efficient handle to shape behavior in the
moment without retraining or replanning. Brawer et al. [38] ! propose Transpar-
ent Matrix Overlays, which let a collaborator impose modular constraints on top of
a learned policy and update those constraints through simple commands, enabling
immediate, targeted changes to how the policy behaves during execution. A related
approach called LILA [141] learns a low-dimensional control interface shaped by lan-
guage so that users can guide the robot online through a compact control space that
reflects the instruction. More recently, Cui et al. [65] extend this by incorporating
language corrections that refine the learned control interface during execution, so
brief corrective phrases directly alter how user inputs translate into robot behavior
in the current context. Finally, Zhou and Wachs [313] focus on coordination from a
timing perspective by learning to predict turn-taking intent early from multimodal
cues, which enables the robot to initiate turn-taking actions sooner based on partial
evidence rather than waiting for intent to become explicit.

Taken together, these papers illustrate two distinct ways learning is paired with
adaptation. Learning-with-planning uses learned structure to improve the quality of
online decisions about what to do next. Learning with transient behavioral adaptation

helps steer learned policies to follow human guidance better at execution time.

2.4 Human Cues and Communication for Adapta-
tion

Human-robot collaboration depends not only on what the robot can observe, but also
on how information is exchanged between partners during the interaction. Beyond

passive observation of human behavior and task progress, collaborative systems must

Debasmita Ghose contributed to this work not covered in this dissertation
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decide when, how, and how much information to communicate in order to maintain
shared understanding and coordinate effectively. This section reviews how prior work
structures information exchange during collaboration, distinguishing between implicit
communication through action, and explicit communication through dedicated sig-
nals. We then examine how these choices affect the burden placed on the human
partner and shape the tradeoffs between fluency, robustness, and responsiveness in

adaptive systems.

2.4.1 Human Observation Channels

Adaptation relies on signals derived from both the human and the task that allow
the robot to estimate the evolving state of the interaction and adjust its behavior
during execution. Across the literature, these signals are typically categorized by the
observation channels available to the robot for perceiving human behavior and task

progress, which in turn support different forms of adaptation.

Physical Cues

Many adaptation approaches rely on physical cues produced by the human during task
execution, including human motion, motion of task-relevant objects or contact forces
used to interact with the object. These signals are typically available continuously,
require no explicit communication, and arise naturally from interaction, allowing the
robot to adjust its behavior smoothly and typically with low latency during execution.

In tasks involving close physical coordination, such as collaborative manipulation
and transportation, robots have been shown to use physical cues like observed motion
and object dynamics to adapt dynamically to maintain synchronization with the hu-
man and offer appropriate levels of assistance [110, 188]. Changes in movement speed,
trajectory, or applied effort have also been shown to serve as implicit coordination

signals, allowing partners to align without explicit communication [296, 175]. In some
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sequential tasks, similar physical cues are often mapped to task-relevant state esti-
mates such as progress, phase, or intent. Some approaches use action segmentation
to model the interaction between people’s motion and objects in their environment to
trigger timely assistance or detect deviations from expected behavior during assembly
and manipulation [308, 129]. Some systems have demonstrated that human timing
and motion alone can be sufficient to anticipate upcoming needs of the human while
working on a shared task, such as preparing tools or components in advance [113] to
speed up the collaboration.

In collaborative tasks that need contact-rich manipulation, interaction forces and
contact transitions have shown to provide direct evidence about people’s intent and
their preferred interaction mode. Robots have been shown to use these signals to infer
task phase, adjust impedance, and coordinate roles during physical cooperation [94].
Force-based cues have also been used to adapt assistance based on inferred human
physical state, such as fatigue, during sustained interaction [214]. In some settings,
physical interventions have been demonstrated act as feedback, allowing humans to

provide a physical correction during the interaction [19, 18].

Temporal Cues.

Some approaches use the timing of human actions as an observation signal for adap-
tation. Features such as brief pauses, regular pacing, and the alternation of actions
between partners provide information about task progress and coordination state, al-
lowing the robot to update its understanding of the interaction and adjust its behavior
during execution.

Timing cues have been used to anticipate handovers and role transitions, allowing
robots to start actions earlier and reduce waiting during collaboration [313]. Esti-
mates of how close a person is to finishing an ongoing action or sub-task has also

been used to time assistance so that it aligns with the task progress expected by
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the human instead of reacting too late [69]. Because these cues depend on tempo-
ral relationships, they typically should transfer more easily across tasks. However,
temporal cues provide limited information about what action the robot should take.
They indicate that intervention may be appropriate, but not which specific action
best supports the task. As a result, timing-based cues are most effective when com-
bined with other observation signals that help determine what form of assistance is
appropriate. They are especially well suited to settings where the robot’s role is to
pace, schedule, or provide support, rather than to choose among many distinct task

actions.

Language Cues.

Language provides a high-level channel through which humans can communicate
goals, preferences, and constraints to a robot while working on a task together. In
shared autonomy settings, short corrective utterances have been shown to constrain
robot actions, allowing the human to steer execution without taking full control [65].
More broadly, language has supported online goal clarification and intent disam-
biguation in situated collaboration, where instructions are often partial, evolving, or
under-specified [39, 91, 101, 38, 100]. Language is also commonly used to recover
from failures, for example through dialogue that helps identify what went wrong and
how to proceed [32].

At the same time, language use varies across people and situations. Humans
differ in when they choose to speak, how detailed their instructions are, and whether
they provide proactive guidance or intervene only when problems arise [5]. Because
of this variability, language alone is shown to be often insufficient for stable online
adaptation [171]. Systems therefore achieve more reliable behavior when linguistic
input is interpreted in the context of the ongoing task and combined with other

observation cues, such as motion, timing, or action history [91].
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2.4.2 Information Exchange between the Human and the

Robot

Collaborative systems differ in how information is exchanged between the human and
the robot during the interaction. While section 2.4.1 focused on raw signals the robot
can use to infer human state and task progress, this section focuses on interaction
mechanisms that are intended to convey information between partners as part of the
collaboration itself.

Across the literature, information exchange spans two interaction patterns. In
some cases, information is conveyed implicitly through how the human and robot
act in relation to one another, without either agent explicitly intending to communi-
cate. In other cases, information is exchanged explicitly through language, gestures,
or interfaces designed to convey goals, preferences, or constraints. These modes of
information exchange cut across sensing modalities and task domains. Many of the
cues discussed earlier can be understood in terms of how information is conveyed and

interpreted during interaction.

Implicit Communication

During collaboration, the robot could communicate implicitly to the human by con-
veying information through the way it performs task actions, rather than through
explicit communication such as speech, queries, or gestures. The robot’s movements,
timing, and task choices are designed not only to accomplish the task, but also to
make its intent, expectations, or next steps easier for the human to understand during
collaboration.

In collaborative manipulation and transport, robots have been shown to adjust
how they move shared objects so that the resulting interaction makes coordination
easier without requiring explicit signaling [199, 191]. For example, the robot may

initiate motion in a way that clearly indicates when it intends to lead, follow, or
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transition roles, allowing the human to adapt smoothly based on how the task unfolds
[296, 201]. Other work explicitly selects robot actions based on how they are expected
to influence the human’s interpretation and subsequent behavior over time, rather
than optimizing task performance in isolation [263, 233].

The key factor that distinguishes this line of work from passive adaptation based
on observation of human behavior is that the robot is not only reacting to human
behavior, but also acting in ways meant to shape the human’s understanding of the
collaboration. As a result, these approaches place strong emphasis on legibility and
predictability of robot behavior [75, 230]. When implicit communication is effective,
coordination emerges naturally through shared action. When it fails, misunderstand-
ings can persist because the information exchange depends entirely on how the human

interprets the robot’s actions, without an explicit channel for clarification.

Explicit Communication

In approaches that rely on explicit communication, the robot conveys information to
the human through dedicated signals that are separate from task execution itself, such
as spoken explanations, explicit corrective gestures or visual overlays. These channels
are typically used when observation and action alone are insufficient to maintain
shared understanding, for example when task state is partially observable, when the
robot’s internal reasoning is not obvious from its behavior, or when coordination
breaks down.

Several systems use explicit communication to help align human and robot un-
derstanding during execution. For example, Tabrez et. al [254] propose a reward-
coaching approach to provide targeted explanations when the robot predicts that the
human’s current actions will lead to failure, guiding subsequent behavior by clarifying
task-relevant constraints or objectives. Later work proposes similar visual guidance

systems to support coordination by presenting descriptive information about task
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progress or prescriptive suggestions about what to do next, allowing humans to diag-
nose errors or adjust their actions in real time [256]. In recovery scenarios, robots have
been shown to generate detailed explanations of failures, unmet preconditions, or in-
ternal requirements, which helps human partners provide more effective and targeted
assistance [67, 68].

In shared autonomy, brief physical interventions or control overrides have been
shown to serve as clear indicators that the human uses to signal the robot that its
actions should be adjusted, allowing the robot to adapt immediately [284]. Rather
than treating these events as failures, robots interpret them as structured feedback
about how the task should be performed and update their behavior online [19]. Cor-
rective shared autonomy frameworks formalize this idea by designing policies that
anticipate and incorporate sparse corrective events while preserving overall auton-
omy [107]. Some prior work has also used short corrective utterances function as
discrete constraints on execution rather than as full instructions or explanations [65].

The effectiveness of explicit communication depends strongly on how it is used.
Poorly timed, overly detailed, or weakly relevant messages can interrupt task flow
and increase cognitive load. Prior work shows that communication must be carefully
calibrated to the task context and the human’s current state in order to support

fluency rather than become an additional burden [42].

2.4.3 Human Burden

Human burden refers to the additional cost placed on the human by the interaction
itself, beyond the physical task they are trying to complete. During collaboration,
this burden commonly shows up in three ways. First, there is attentional demand,
where the human must monitor the robot’s behavior and shift focus between their
own actions and the robot. Second, there is cognitive workload, which includes in-

terpreting what the robot is doing, maintaining a shared understanding of the task,

37



and deciding how and when to respond. Third, there is time and effort spent on com-
munication, such as responding to interruptions, providing confirmations, resolving
misunderstandings, or correcting mistakes. This perspective is consistent with work
in psycholinguistics that treats communication as a form of collaborative effort, where
both speaking and understanding require work from the human partner [61]. It also
aligns with established approaches in human factors that measure workload through
subjective assessments like NASA-TLX, as well as through performance costs that
arise from coordination and interaction overhead [112].

Reducing explicit communication can lower immediate interaction overhead, but
it does not always reduce overall human burden. When the robot’s intent or internal
state cannot be reliably inferred from the workspace or from ongoing motion, not
having the ability to communicate their feedback shifts work back onto the human.
The human must monitor the robot more closely, infer what it is doing, and remain
ready to intervene if something goes wrong. As a result, mis-alignments can persist
unnoticed for longer periods, and once they are detected, repairing them often requires
greater effort than if they had been addressed earlier. This tradeoff is well captured
by grounding theory, which predicts that limiting exchange can reduce short-term
effort, but that insufficient shared understanding leads to higher costs later in the
interaction through repair and re-coordination [61]. Similar conclusions appear in
work on human—autonomy teaming, where a lack of transparency forces humans into
a supervisory role, reducing situation awareness and increasing workload despite fewer
overt communication demands [275].

Providing frequent or overly detailed communication can also increase human bur-
den, especially when it disrupts task flow or adds unnecessary mental effort. Human
attention and working memory are limited, so additional information competes with
the resources needed to perform the primary task [253]. In collaborative settings, this

burden often appears as interruptions or task switching, where even relevant infor-
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mation could force the human to pause, reorient, and resume their work, leading to
delays and frustration [179]. Findings from transparency and explanation research in
human-computer interaction also reflects a similar pattern. Additional information
can improve understanding and confidence when it is well timed and clearly priori-
tized, but beyond a certain point it becomes counterproductive. Excessive detail or
poorly structured explanations can overwhelm users, reduce usability, and undermine
trust [151]. Reviews on information overload further show that performance degrades
when communicated content exceeds what people can reasonably process in context,
particularly during ongoing tasks [13].

In contrast to both extremes, minimal explicit communication can be effective
when the task is well structured and the state of the interaction is easy to infer
from the shared workspace. When progress is visible, roles are predictable, and ac-
tion boundaries are clear, partners can often coordinate through their actions alone,
with little need for additional exchange of information. In such settings, communi-
cation can remain sparse without increasing burden, because the task itself provides
sufficient information to maintain shared understanding. This pattern aligns with
the principle of least collaborative effort, which suggests that teams naturally limit
communication to what is needed to sustain coordination, increasing it only when
uncertainty or misalignment arises [61]. Crucially, this strategy relies on the interac-
tion remaining easy to repair. As uncertainty, novelty, or risk increases, coordination
based primarily on observation becomes fragile, and the absence of a reliable way to
correct misunderstandings can increase workload and reduce effectiveness [275].

Taken together, communication during collaboration should be treated as a re-
source that must be managed, rather than something that is always beneficial to
increase. Too little communication can raise burden by forcing the human to closely
supervise the robot and by making errors harder to detect and repair once they oc-

cur [61]. Too much communication can also raise burden by interrupting the human
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and adding information-processing demands that compete with task execution [179].
These tradeoffs motivate adaptive approaches that remain unobtrusive when the task
and workspace provide sufficient cues for coordination, and increase communication
only when uncertainty, exceptions, or safety concerns make additional information

necessary [281, 41].

2.5 Evaluation of Adaptation

Evaluation is key to understanding whether adaptive behavior improves human-robot
collaboration in practice. Prior work assesses adaptation across a wide range of tasks,
settings, and metrics, reflecting the fact that successful collaboration depends not only
on task completion, but also on coordination quality, safety, human workload, and
subjective experience. This section reviews how adaptation is evaluated in the litera-
ture, first summarizing the types of tasks and experimental settings commonly used,
and then organizing evaluation metrics according to the aspects of interaction they
are intended to capture, including task performance, fluency and efficiency, human

burden, safety, trust, and subjective experience.

2.5.1 Evaluation Tasks and Settings

Across the surveyed literature, adaptation is most commonly evaluated in manipulation-
centric tasks, particularly tabletop manipulation and shared object handling. These
tasks include reaching, grasping and placing objects in the workspace in a speci-
fied configuration, surface cleaning, and corrective manipulation on a shared table or
workspace [19, 18, 65, 107, 108, 119, 141, 318, 136]. These settings often involve close
physical interaction or shared control, where the human and robot act concurrently
on the same objects or control variables. As a result, adaptation in this class of tasks

typically targets execution-level behavior, such as the level and timing of assistance,

40



or compliance, and must operate at low latency to preserve stability and respon-
siveness. A vast majority of these studies are conducted on real robot manipulators
in controlled laboratory settings, often using fixed-base arms, with simulation used
primarily for ablations or scaling analyses.

Another related and recurring task group consists of collaborative transport and
co-manipulation, where humans and robots jointly carry or move large objects [94,
188, 296, 110, 175]. These tasks are characterized by continuous, tightly coordinated
interaction, with both partners acting at the same time and influencing shared object
motion. Adaptation in this setting is therefore primarily focused on motion, force,
timing, and role balance during execution, rather than discrete task decisions. Be-
cause stability and safety depend on rapid response to human behavior, evaluations
are overwhelmingly conducted with real robots in laboratory settings, often supple-
mented by simulation for planner comparison or robustness analysis.

The next class of evaluations use assembly tasks, where humans and robots collab-
orate on multi-step construction problems such as furniture building, block assembly,
circuit construction, drilling, or fastening [113, 227, 178, 32, 223, 191, 195]. These
tasks are typically long-horizon and sequential, with identifiable subtasks, handoffs,
and decision points that structure the interaction. Accordingly, adaptation in this
domain is most often applied to task-level decisions, such as subtask selection, role
allocation, scheduling, or recovery choices, rather than continuous low-level control.
Evaluations are typically carried out on real robots in laboratory or industrial mock-
up environments, often with predefined workflows and scripted or semi-scripted hu-
man partners. Several studies complement these experiments with simulation-based
evaluations to explore alternative task sequences or allocations at scale.

Manufacturing and industrial collaboration tasks form a closely related but dis-
tinct class of evaluation tasks. These include industrial assembly, disassembly, qual-

ity inspection, polishing, surface refinishing, collaborative recycling, and ergonomics-
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aware collaboration [214, 149, 310, 98, 314, 129, 93]. Compared to tabletop manipula-
tion, these tasks often involve larger workpieces, tools, sustained physical interaction,
and prolonged effort, and frequently combine sequential structure with periods of con-
current execution. Adaptation targets in this domain therefore span both task-level
coordination, such as scheduling and role allocation, and execution-level behavior,
such as force, posture, or assistance magnitude, because small errors can directly affect
safety and physical burden. Evaluations in this category frequently involve physical
robots operating in lab-scale industrial setups or real-world industrial environments,
with simulation used to study long-horizon behavior or alternative scheduling and
monitoring strategies.

Finally, adaptation during human-robot collaboration has also been explored in
household tasks. Collaborative cooking and meal preparation is a common evaluation
domain [271, 272, 38, 91, 88|, alongside sorting, kitting, de-cluttering, and organiza-
tion tasks such as table clearing, grocery bag packing, lunchbox assembly, and general
tidying [200, 52, 307, 201, 101, 84]. These tasks are typically long-horizon and semi-
structured, often alternating between sequential decision-making phases and periods
of parallel work. As a result, they are commonly used to study task-level adaptation,
including goal inference, role allocation, and proactive planning, sometimes combined
with execution-time adjustments. Evaluations are conducted using real robots in lab-
oratory kitchen- or home-like setups, often with scripted or semi-scripted human
partners, and are typically complemented by simulation to explore longer interaction

horizons or alternative goal structures.

2.5.2 Evaluation Metrics

Evaluation of adaptation in human robot collaboration is typically organized around
different types of metrics that capture complementary aspects of the interaction. The

metrics summarized below reflect both objective and subjective measures, including
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efficiency and fluency during execution, the burden placed on the human, and safety,
trust, and subjective experience that evaluates if adaptive behavior is acceptable and

usable in practice by people.

Task Success and Correctness

Across the literature, task level performance of the human-robot team is often treated
as a baseline indicator of whether the robot’s adaptive approach is useful, but the
exact definition of a successful trial differs based on the task and the collaboration
dynamics. In long horizon collaborative tasks, success is often reported as the fraction
of trials in which the team completes the full task sequence end to end. This choice
is natural when failures arise from execution breakdowns, unmet preconditions, or
unsuccessful recovery, because these methods are explicitly evaluated on their ability
to detect problems and resume progress [7, 152, 32, 184]. In related failure handling
work, task outcomes are also paired with measures that reflect the quality of recovery,
such as time per help request and the rate of error free interventions, since completion
alone can hide whether the robot asked for the right help at the right time [152].

In other domains, success is defined less by completing a scripted sequence and
more by satisfying physical and safety constraints throughout the interaction. For
example, in collaborative transport tasks, a trial is typically counted as successful only
when the object reaches the goal while remaining stable and within workspace limits,
and without collisions or unsafe contact. These definitions embed safety into the
success metric itself, so success can be stricter than goal attainment alone [296, 110,
188, 175]. A similar issue appears in other co-manipulation tasks where the interaction
can be completed in multiple ways, but the evaluation focuses on whether the team
maintains safe forces or ergonomic conditions while achieving the task objective [214,
149, 19].

Some work reports task performance at finer granularity to make failures more
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interpretable. In sequential collaboration, performance is sometimes expressed as
success over subtasks or as assembly progress, which can better reflect coordination
quality as opposed to a coarse measure of task completion measure [197, 223, 69]. This
is also common in work that optimizes role allocation and scheduling, where a team
can complete the overall goal but still incur avoidable delays if allocation decisions are
poor. As a result, task completion time is frequently treated as a primary indicator
of whether adaptation improves coordination efficiency [223, 133, 98, 201]. In shared
autonomy settings, success is usually defined as completing the task under partial
assistance, but it is rarely meaningful in isolation because assistance policies can
trade off success against how much control burden is shifted to the person. These
papers therefore interpret success together with measures such as total task time,
amount of user input, intervention rate, or jerk and smoothness, which capture the
cost of achieving the same nominal outcome [141, 65, 318, 107, 108].

Task performance is also sometimes measured with scalar return scores such as
cumulative reward, percentage of optimal reward, or regret. These metrics sup-
port broad comparisons across policies and often align with the optimization target
(272, 47, 307, 195]. This is particularly relevant in mutual adaptation and trust aware
planning, where higher reward may reflect either better coordination or more aggres-
sive autonomy that changes the human’s behavior. However, these metrics are not
very interpretable as they can obscure which interaction constraints were violated to
lead to a specific value of return, since very different behaviors can yield similar re-
turns. For this reason, reward based evaluations are typically most informative when
paired with outcome specific measures such as intervention frequency, safety stops,

or success rate [52, 24].
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Collaboration Fluency and Efficiency

Measures of collaboration fluency and efficiency are often inseparable in evaluation be-
cause both ask whether the interaction proceeds smoothly with minimal coordination
overhead, not just whether the team finishes. Following Hoffman’s [120] framing, a
common strategy is to quantify inefficiency that is induced by interaction itself, such
as waiting, avoidable handoffs, and delays introduced by miscoordination. There-
fore, work involving a robot offering proactive assistance typically reports human and
robot waiting times and related concurrency measures, since these directly indicate
whether the robot acts at moments that remove bottlenecks rather than create them
(197, 69, 223]. Cross-training and mutual adaptation studies use the same behavioral
signals, interpreting reduced idle time and increased concurrent activity as evidence
that partners have converged on compatible role expectations and a workable division
of labor [195, 194].

In many sequential collaborative tasks, efficiency is often evaluated by how much
interaction overhead adaptation introduces to align the task models of the human
and the robot [33], especially time spent communicating and time spent recovering
from miscoordination. Unhelkar et al. [271] reports the amount of robot communi-
cation alongside task reward and time, since communicating can increase efficiency
only when it prevents downstream errors or wasted work. Similarly in fault recovery
systems, efficiency is often reflected in the number and duration of recovery episodes,
or in the fraction of errors that can be corrected without escalating to extended inter-
ventions, because repeated human interventions increase inefficiency in long horizon
tasks [152, 32, 184, 7]. Systems that rely on more targeted help requests measure
efficiency through elapsed time per request and the accuracy of interventions, which
distinguishes fast recovery from recovery that consumes repeated attempts [152].

In scheduling and constraint based coordination, efficiency is frequently framed

as avoiding delays under uncertainty. As a result, they report improvements in com-

45



pletion time together with indicators of disruption such as safety stops or delays
attributable to contention for shared space [133, 24]. In close proximity collabora-
tions that involve a robot to plan a path to achieve a task, efficiency is sometimes
evaluated through deviation from nominal motion or path length, to ensure that the
planned path satisfies both the task constraints and is safe around the human’s close
proximity [136].

Several works in shared autonomy treat efficiency as reducing the amount of hu-
man effort required to achieve the same outcome. They report task time together
with the amount of user input or number of interventions [318, 107, 108]. Correc-
tive interfaces similarly use intervention counts and correction frequency as efficiency
indicators, since a method that requires fewer corrections to reach the same success
level is effectively reducing coordination overhead during execution [65, 38]. Work
that evaluates trust aware autonomy also sometimes use intervention rate as a proxy
for collaboration efficiency, because the robot misjudges the level of autonomy the
human is expecting while collaborating, it leads to frequent takeovers by either agent

52, 110].

Human Burden and Workload

In the literature, human burden is typically evaluated through intervention costs
and perceived workload to the human. Many systems quantify burden by counting
interventions, corrections, or help requests [38, 107, 108, 95, 52, 106]. In some work,
human burden has also been measured through the number of clarifying questions
and induced extra steps, explicitly trading off the cost of information gathering during
interaction [88, 91].

For subjective evaluation of the perceived workload of the human, the NASA Task-
Load Index (NASA TLX) survey [111] is commonly used. It is typically used as a post-

hoc measure to gauge the cognitive effort or frustration of a person while collaborating
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with a robot [223, 69, 276, 168, 84, 107, 108]. The advantage of using the NASA
TLX survey is that it makes adaptation approaches and interaction styles comparable
in terms of perceived human burden, since two approaches can yield similar task
success while differing substantially in mental demand, time pressure, or frustration
223, 69, 84, 276, 168]. Some work also uses the System Usability Scale (SUS) [102]
to complement the NASA TLX survey to separate workload from perceived usability,
learnability, and willingness to use the interface again, which matters when a system
succeeds technically but feels cumbersome or brittle [107, 108]. The main limitation
of the NASA TLX and SUS surveys is that they are retrospective, self reported and
aggregate over an episode. They are sensitive to framing and expectations, making
it hard to attribute a high score to specific interaction events without additional
task-specific metrics [69, 223, 84].

Physical effort metrics matter most in tasks where the robot is meant to make
the work less physically demanding for the human. In such scenarios, prior work
measures if the robot changes its role or assistance when the person shows signs of
getting tired, and whether this reduces fatigue while keeping the team effective [214].
In other work, evaluations use measurable signals that reflect physical strain, such
as estimated joint loading and muscle activity, to test whether the robot helps the
person stay in more comfortable working postures [149].

In learning from physical interaction, papers often report how long the person had
to physically guide the robot and how much physical effort was applied, alongside task
cost measures, to show that learning is improving while the person has to provide fewer
physical corrections over time [19]. Work on physical corrections also checks whether
the robot learns the intended change without forcing the user to repeatedly correct
or undo unintended changes, using measures such as forces applied and how often
users had to reverse a mistaken update [18]. In industrial assembly settings, physical

effort is tied to reliability by reporting interaction forces and energy like measures
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together with assembly failures, so the evaluation can show whether reduced strain

also coincides with fewer breakdowns during the task [129].

Safety

Safety is evaluated either by counting explicit safety critical events or by measuring
how the robot moves around the person during close proximity collaboration. Many
studies report discrete events such as safety stops, since these capture moments when
the robot had to intervene to avoid a likely collision and therefore give a direct measure
of how often interaction reached an unsafe margin [24]. Other work treats safety as a
graded measure that varies over the trajectory and reports continuous motion quality
measures such as how much distance the robot keeps from the human, whether the
end effector stays within the human’s view, and how far the adapted motion deviates
from a nominal plan [136].

In many applications, safety is not measured in isolation, but rather in combi-
nation with human burden or task success. For example, in industrial settings such
as disassembly and warehouse picking, safety is often evaluated together with stress,
fatigue, and task accuracy, since risky behavior can both increase physical strain and
increase the likelihood of mistakes during demanding procedures [314, 303, 167]. In
some collaborative transport tasks, safety is frequently built into the definition of
success itself through constraints on keeping the object stable and avoiding obstacles,

so safety is interpreted jointly with time and coordination outcomes [296, 175].

Trust

In the literature, trust is treated both as a metric and as a latent state that the
robot should reason about. Many shared autonomy studies report trust alongside
task outcomes to show that assistance policies improve performance without reducing

users’ confidence or acceptance of robot behavior [200, 192]. A second line of work
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models trust as time varying and the robot uses it to modulate the level of autonomy,
then evaluates whether predicted trust changes align with intervention rates and
team reward over an interaction [52]. Related work in manufacturing uses trust
measurements together with productivity and workload to capture the relationship

between the autonomy levels, human interventions, and collaboration efficiency [231].

Subjective Experience

Prior work has used subjective measures when it is useful to study aspects of in-
teraction that are difficult to measure objectively. Measures such as ease of use,
helpfulness, predictability, naturalness, and willingness to reuse have been frequently
used to report peoples perception of the collaborative interaction [141, 65, 101]. Stan-
dardized surveys such as RoSAS [44] and UEQ [235] have also been used to study
people’s perception of the robot along the axes of warmth, competence and discomfort
296, 131].

Other work like VADER [7] perform more customized subjective evaluations of
their approach by evaluating if the robot’s help requests are timely and understand-
able. In similar shared autonomy settings, evaluations also ask whether users can
smoothly shift between interaction modes like assisting the robot and continuing their
own work [152]. When adaptation relies on communicating uncertainty or intent, sub-
jective measures have been used to evaluate interpretability, trust, and mental load
and relate these to compliance [256]. Research has also used measures such as socia-
bility, helpfulness, and perceived intelligence to capture whether the robot’s guidance

during collaboration is delivered in a manner that people prefer [254].
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2.6 Summary

This chapter reviewed adaptation in physical human-robot collaboration as a closed-
loop process where robots observe the human and task, reason about the evolving
collaborative state, and update behavior during execution. It organized prior work
by the assumptions robots make to model the human during the interaction, various
state-of-the-art adaptation techniques, the cues and communication mechanisms that
drive adaptation, interaction dynamics and what robots are allowed to change online
and how these systems are evaluated. The remainder of this dissertation presents
novel contributions that advance the state-of-the-art in adaptation for long-horizon
collaboration, developing mechanisms that help robots maintain shared understand-

ing as human goals and constraints evolve.
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Chapter 3

Robots Inferring Human Goals

through Passive Observation!

Robots should be able to maintain a shared understanding while collaborating with
people by inferring intent from signals present during interaction, with minimal ex-
plicit supervision. The previous chapter gave a scoping review of adaptation in hu-
man-robot collaboration. It described how adaptation is executed across the litera-
ture, spanning different assumptions about the human partner, different interaction
structures, different adaptation targets, and different techniques for updating robot
behavior, as well as the signals, communication mechanisms, and evaluation set-
tings used to study these systems. In this chapter, we study how a robot can learn
task-relevant perceptual distinctions from passive observation when the relevant con-
cept is defined implicitly by a human’s choices and only a few positive examples are
available. Specifically, we present an online representation-learning method that in-
corporates these sparse selections into contrastive learning by pulling the embeddings

of human-selected objects together while preserving separability among non-selected

'Portions of this chapter were published as: Ghose, D., Lewkowicz, M. A., Gezahegn, K., Lee, J.,
Adamson, T., Vizquez, M., & Scassellati, B. (2023, March). Tailoring visual object representations

to human requirements: A case study with a recycling robot. In Conference on Robot Learning
(CoRL) (pp. 583-593). PMLR. [93]
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objects. Using these learned representations, the robot can identify additional objects
that match the human’s selections and act on them in real time while continuing to
update as it observes more examples. We instantiate this approach in a simplified
recycling-sorting setting with a physical robot, demonstrating sample-efficient learn-

ing of human-defined categories without requiring repeated explicit instruction [93].

3.1 Introduction

Robots are well-suited to alleviate the burden of repetitive and tedious manipulation
tasks in homes and in the public and private sectors. For example, robots might help
humans with housekeeping, janitorial and custodial work, or sorting recyclables. In
many of these applications, a robot may be asked to interact with a wide variety of
objects, making it hard or even impossible to pre-program visual object classifiers
suitable for the task of interest. For example, imagine a home robot meant to help
a person clean her room. One might think of defining object categories for this task,
such as “clothes", “shoes", “books", etc. But what if the human wants the robot to
pick up only “folded clothes" from the floor? These kinds of tasks require learning
from the human what object category is relevant. Since these categories can be
defined arbitrarily, the robot needs to learn the object properties that distinguish the
human-selected objects from others. Importantly, another challenge in learning an
object category from a human is that the robot cannot assume the objects not selected
by the human do not belong in the category of interest. That is because humans are
unwilling to give many examples and may only provide examples of objects they are
interested in.

In this work, we study the problem of learning a classifier for visual objects based
on (a few) examples provided by humans. We frame this problem from the perspective

of learning a suitable visual object representation that allows the robot to distinguish
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Figure 3.1: Simplified real-world recycling setup

the desired object category from others. This perspective is motivated by recent work
in self-supervised learning, which has led to significant advances in learning useful
representations from high-dimensional data [139]. In particular, contrastive learning
[60] learns representations by pulling similar samples close to each other while pushing
dissimilar ones far apart in the latent space. Recent contrastive learning methods
have been successful in learning strong representations for various downstream tasks
in computer vision, such as image classification, semantic segmentation, and object
detection [139]. The challenge with applying existing contrastive learning techniques
to the problem of learning a representation that distinguishes an arbitrary object
category based on human examples is that contrastive learning will capture properties
of the data, but those properties may not necessarily lead to a good object classifier
according to human requirements.

We propose a new approach that integrates human supervision into the represen-
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tation learning process to compute visual object representations in accordance with
human requirements for the task of interest. Our approach combines an existing con-
trastive learning method that maximizes the agreement between different instances
in the same cluster with our proposed loss function that brings the representations of
objects selected by a human close to each other in the latent space. This combination
results in representations that encode the human desired object characteristics.

We evaluate our approach to incorporate human supervision into the representa-
tion learning process in a simplified recycling setup derived from a standard Material
Recovery Facility (MRF) as shown in Figure 3.1. We focus on this challenging appli-
cation domain for three reasons. First, recycling streams can contain a wide variety
of diverse objects, ranging in size, weight, color, cleanliness, and form [257]. Second,
constraints on what needs to be recycled can vary dynamically because the require-
ments of the MRF’s customers may vary [66]. Third, because of the many objects
that quickly move by, a human demonstrator cannot pick out all the items that need
to be removed from the stream. This results in limited positive examples and no
negative examples for the robot.

To conduct offline and online evaluations, we set up a conveyor belt that humans
and robots can work on simultaneously and a feeder system to provide a steady stream
of recyclables. We demonstrate that our method outperforms a fully-supervised learn-
ing method and some self-supervised learning techniques on an offline dataset. Finally,
we deploy our proposed learning method in real-time on a robot working alongside a
human in the simplified recycling setup. Our results show how incremental supervi-
sion from the human helps the robot learn visual object representations tailored to

the human’s requirements.
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3.2 Related Work

3.2.1 Self-Supervised Learning

Self-supervised learning obtains supervisory signals from the data by leveraging its
underlying structure [139, 26]. One broad category of techniques in self-supervised
learning is contrastive learning, which has been used in a wide range of computer
vision applications [203, 240, 304]. Contrastive learning methods [60, 72] typically
learn a latent space by pushing similar samples (e.g., two adjacent frames of a video
[291]) close to each other while pulling dissimilar data samples (e.g., frames from two
different videos) apart in the latent space. More recently, instance discrimination
[54, 56, 76, 162], a variant of contrastive learning, has shown remarkable success
in improving performance on a variety of downstream tasks. To learn latent-space
representations, most instance discrimination techniques use two augmented views of
the same image as a positive data pair in conjunction with a variety of contrastive
learning techniques, such as the contrastive loss [54, 56, 300], triplet loss [237, 239],
momentum encoding [115, 55, 103], or online clustering [43].

Recently, there have been some efforts to learn more robust latent-space repre-
sentations by leveraging properties of non-trivial positive pairs that are correlated
in the latent space. For example, these non-trivial positive pairs can either be se-
lected from a support set [76, 17] or from associating multiple data instances with
clusters [203, 162, 301, 312]. In this work, we leverage a clustering technique called
Contrastive Clustering [162] to enable robots to learn visual object representations.
Contrastive Clustering extends instance-level discrimination to distinguish between
objects belonging to different clusters while maximizing agreement between objects

belonging to a cluster.

95



3.2.2 Adding Supervision to Contrastive Learning

Prior work has guided representation learning processes by leveraging labeled data
(177, 148]. Khosla et al. [148] proposed a method to train a contrastive learner
in a fully-supervised fashion to improve performance on multiple downstream tasks.
However, since their method is label intensive, more recent work has explored using
semi-supervised [305, 8] and weakly supervised [309] learning techniques to compute
strong representations. Wilber et al. [287] introduced an algorithm called SNaCK
that proposes adding a loss function to visual representation learning that reflects a
human’s preferences. However, SNaCK requires a human to provide a large number
of examples of objects that the human thinks are similar and dissimilar, which would
be infeasible in real human-robot interactions. To the best of our knowledge, our
method is the first to show how human feedback can be leveraged to learn visual
object representations tailored to dynamic human-defined requirements with limited

examples of a single category.

3.2.3 Human Centric Robot Learning

There are many ways in which a robot can learn from a human. The three most com-
mon types of demonstrations used for robot learning are kinesthetic teaching, teleop-
eration, and passive observation [224]. Our work uses passive observations because of
the ease at which they allow the human to teach the robot and the hardware-agnostic
nature of this demonstration type. Much of the recent work in the field of learning
from passive observations uses reinforcement learning to train a robot. For example,
the work of Mukherjee et al. [182] uses a learned goal proximity function as a dense
reward for policy training, and Karnan et al. [143] propose to learn navigation policies
from a single video demonstration. Our work complements these efforts by proposing
a novel approach for learning visual object representations that a robot can use for

manipulation tasks, like sorting recycling streams.
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Typically within the area of human preference learning, a robot learns the pref-
erences of its human collaborators to perform a task through various reward shaping
techniques [228, 158]. Our work is related to this thread of research because we
want a robot to learn the preferences of its human collaborator for a sorting task.
However, we want the robot to use passive observation rather than more traditional
active querying techniques [289, 288, 277| because, in the recycling domain, humans
are already busy picking objects from recycling streams. Preference learning in our
work then entails having a robot learn the visual characteristics of the categories of
objects that the human collaborator is interested in. We propose to approach this
problem from the perspective of self-supervised representation learning and incorpo-
rate human supervision in a novel manner to ensure that the learned representation

aligns well with the human’s preferences.

3.3 Learning Visual Object Representations Tai-
lored to Human Requirements

We propose a method to guide the representation learning process of a contrastive
learner using human supervision, as shown in Fig. 3.2. To achieve this goal, we
optimize a feature extractor jointly with three "heads." These heads maximize the
agreement between 1) multiple views of the same image, 2) multiple instances of the
same cluster, and 3) human-selected examples.

Let X be the set of all objects relevant to a manipulation task and C be the total
number of human-defined categories such that a given category ¢ € {1,..., C}. As a
property of our problem, a human selects a set of items H such that H C X and all
objects in H belong to a given human-defined category c. The paragraphs below use
this notation to describe the components of our approach.

Base Encoder: The base encoder is a feature extraction network that obtains
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BASE ENCODER ' HUMAN SUPERVISED HEAD

Figure 3.2: Our Approach. Data pairs are constructed using randomly applied data
augmentations. The extracted features are fed into three jointly trained heads. The Instance
Projection Head projects the features into a space where each row denotes an augmentation
of an image and uses the instance loss to minimize the distance between two augmentations
of the same image. The Cluster Projection Head projects feature vectors into a space where
each column denotes each instance’s cluster assignments, and the cluster loss minimizes the
distance between instances belonging to a cluster. Finally, the Human-Supervised Head
minimizes the distance between each human-selected example.

representations from two stochastically augmented views of the same image [54]. For
a given image x, the base encoder outputs a feature vector y, such that y = f(x).
Therefore, if two stochastic augmentations of an image are denoted by z; and z;, their
feature representations can be denoted by y; = f(x;) and y; = f(z;). Additionally, if
xp, is an image in H, then its feature representation is y, = f(x,). We feed the image
representations output by the base encoder to the three heads described next.

1. Instance Projection Head: The Instance Projection Head is a Multi-Layer
Perceptron (MLP) with one hidden layer to map the features of two augmented views
of the same image to a latent space [54]. For example, for the representation of an
image’s first augmentation y;, its representation after passing through the Instance
Projection Head is z; = h(y;) (Similarly, for the second augmentation, z; = h(y;)). As
in Chen et al. [54], we apply the NT-Xent loss on the representations from the Instance

Projection Head. Therefore, for a positive pair of examples (i, j) constructed from two
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augmented views of the same image, the instance loss w.r.t. the first augmentation

is formulated as:

exp (sirn (zi, zj) /Tms>

>N, L) €xp (sim (2, Zk) /Tins)

17, = —log

wms

T

where N is the number of all positive pairs in a mini-batch, sim(u,v) = IZII;JI is the

cosine similarity between the feature vectors, and 1[k # i| € {0, 1}, which evaluates

to 1iff k # 4. We use Lins = 35 SN A 410

o4+ 17) to compute the instance loss over

all positive pairs in a mini-batch.

2. Cluster Projection Head: The Cluster Projection Head [162] learns rep-
resentations by maximizing agreement between two representations (under different
augmentations) belonging to a given cluster. This head is an MLP with one hid-
den layer followed by a softmax operation. It projects a data instance into a latent
space whose dimensionality equals the total number of pre-defined clusters (), which
should be approximately equal to C. Intuitively, the cluster projection head tries to
partition the embedding space into a pre-specified number of clusters based on the
inter-instance similarity between object features. For an encoder representation of the
first augmentation of an image y;, the latent representation after passing through the
cluster projection head is ¢; = ¢(y;) (Similarly, for a second augmentation, ¢; = g(y;)).
Let C; € RV*X be the output of the Cluster Projection Head for a mini-batch of N
images under the first augmentation i. Then, the n'"* element in the output C; can
be interpreted as its probability of belonging to the &k cluster, where k € [1, K] can
be denoted by (C?’k. Thus, & € RY can be interpreted as the column vector of C;

under the first augmentation. The cluster loss can be formulated as:

exp (sim (61-, éj) /Tdu)

1
Sy Lt exp (sim (€, €) /Teru)

clu

= —log
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where 7., is the cluster-level temperature parameter. Finally, the cluster loss com-

puted by traversing all K clusters is

1 K -
Lo =—=> 17 +177)—H(Y),
l 2K ];1( clu + clu) ( )
where H(Y) = S5 (P(&)logP(&) + P(&;)logP(¢;)) is the entropy of cluster
assignment probabilities and P(&;) = XN, %. The entropy term helps avoid the

trivial solution where most instances get assigned to the same cluster as shown by
(162, 312].

3. Human-Supervised Head: Our proposed human-supervised head aims to
guide the representation learning process towards human requirements. Intuitively,
it tries to force the representations of the objects selected by the human close to each
other in the latent space to serve as a mechanism to help inform the formation of
clusters according to the properties of objects important to the human. This loss is
applied only to the representations of objects selected by the human y,. Formally,
let Y, € R"*P be the representation learned by the base encoder across all objects
selected by the human (H C &) and D be the latent dimension of the base encoder.
Additionally, let 5, € RP be the mean of the representations of all the objects selected
by the human, which is considered the cluster-centroid of the human pool.

As new objects are selected by the human, we pass their image (xp,) through the
base encoder to get their feature representation (y, = f(xy,)). If previously there
were s human-selected objects and the human selects ¢ new objects, we re-calculate

the mean of the cluster () to include the features of the new objects by

Mn %S+ Y

[
Hn = s+t

The human-supervised loss then minimizes the distance between the new centroid
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of the human-selected objects and every object selected by the human:

ﬁhuman = _dZSt(#’/ha Yh)

Theoretically, any distance metric (dist) can be used to maximize agreement between
the centroid of the human-selected pool and all human-selected objects. However, we
empirically found cosine-similarity to work better compared to L1 and L2 distances
since it is bounded between -1 and 1.

Objective Function: The Instance Projection Head, Cluster Projection Head,
and Human Supervised Head are combined in the final objective function that we use

to train our model:
L= /\ins['z'ns + )\clu'cclu + /\humanﬁhuman

where A5 > 0, Ay > 0, and Apyuman > 0 are hyperparameters.

3.4 Experimental Setup

We use the Stretch RE-1 robot [145] with a static push plate mounted on a telescopic
arm to extract items from a moving conveyor belt (as shown in the supplementary
video). The robot can extract items by either extending its telescopic arm to push
objects off the conveyor belt or pulling objects towards itself. As shown in Fig. 3.3,
the setup consists of a 60-gallon hopper, a small feeder belt, and the main conveyor
belt (10 feet long and 1.5 feet wide). We position three cameras above the belt to
monitor the recycling stream.

We use over 500 unique recyclable items of various sizes, shapes, colors, and forms
in our experiments. The recyclables belong to ten categories: crushed metal cans,

un-crushed metal cans, crushed plastic bottles, un-crushed plastic bottles, un-crushed
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o Stretch RE1 Robot
HOPPER |

/Camera /Camera Camera 1

Figure 3.3: Experimental Setup. The human and the robot work together on the
recycling conveyor belt to sort the recyclables.

colored plastic bottles, brown cardboard bozes, coated cardboard boxes, cardboard trays,
half-gallon milk jugs, and one-gallon milk jugs. For randomizing the stream, the
hopper dispenses a random selection of recyclables onto the feeder belt, which then
transports the items to the main conveyor belt. A human can pick up some items
of a given category by standing next to the conveyor belt. The robot is expected to
sort items similar to the human-selected objects and extract them from the stream

by pushing or pulling them off the conveyor belt.

3.5 Offline Evaluation

3.5.1 Data Collection

For evaluating the system offline, we created a dataset by having a selection of re-
cyclables pass through the setup described in Section 3.4. Figure 3.4 shows a few
sample images from the different categories of recyclables represented in the dataset.
We used YOLACT [35], a real-time instance segmentation model with a ResNet-101

[116] backbone, to predict a rotated bounding box over each item on the conveyor
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belt. We trained this instance segmentation model with 411 conveyor-belt images
containing 4419 instances of recyclables, which were manually annotated with an in-
stance mask. Using an 80% train, 20% validation split, we obtained an Fl-score of
0.89 after training the YOLACT instance segmentation model for 100 epochs using
the MM-Detection [51] library in PyTorch. Each predicted mask was converted to a
rotated bounding box whose crops were extracted for evaluation. Finally, we created
a dataset containing 1502 variable-sized crops of recyclables, where each crop belongs

to one of the ten categories described in Section 3.4.

3.5.2 Evaluation Protocol

For training, we select three random sets of 40 examples from each of our 10 categories
to serve as the human-selected pool for a given category (resulting in 30 human pools
in total). We use each human-selected pool to train our proposed model. During
inference, we compute the pairwise cosine similarity of every object not selected by
the human with every object in a given human-selected pool. We then compute
the average cosine similarity of the top-5b most similar objects and assign it as the
similarity score of the candidate object. We compute an Fl-score per category by
thresholding each similarity score between [0.1, 0.95] and assigning a candidate object
to a given category if the similarity score is above the threshold [165, 164]. We
report Fl-scores for the best threshold averaged over three human-selected pools per

category.

3.5.3 Quantitative Results

Experiment 7 in Fig. 3.5 shows the performance of our method on the ten categories
specified in Section 3.4 using the evaluation protocol explained above. We compared
our method with a supervised learning method comprised of only our human su-

pervised head in isolation. This head effectively learns to classify instances when
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Figure 3.4: Sample Images from our Offline Dataset:

each of our ten object categories.

human-selected data from only one positive class is available during training [212].

Experiment 1 in Fig. 3.5 shows the Fl-score of this supervised learning method to

be significantly lower than our method.

3.5.4 Ablation Study

We conduct an ablation study of our method to evaluate how each component of the

loss in eq. (3.3) contributes to the overall performance. Experiment 1 in Fig. 3.5
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shows the Fl-scores of only the human-supervised head across all categories. The
human-supervised head performs poorly on its own likely because the data is heavily
imbalanced between human-selected and non-human-selected objects. Experiment 2
in Fig. 3.5 shows the F1l-scores of the instance projection head, which on its own is
identical to SiImCLR [54]. The high F1-scores across three human pools per category
show that this head learns a robust visual representation for all categories. Experi-
ment 3 in Fig. 3.5 shows that the cluster projection head performs poorer than the
instance projection head.

To assess the impact of human supervision on each of our loss components, we
jointly trained each of our self-supervised loss components (instance loss, cluster loss,
and contrastive clustering) with our proposed loss that adds human supervision (eq.
3.3). For these experiments, we trained and evaluated models across three human
pools per category (resulting in 30 human pools total). As explained in Section
3.5, each human pool consists of 40 randomly selected images belonging to a given
category. Fig. 3.6a), 3.6b) and 3.6¢) summarize the results. Each column in these
figures denotes the human pool the method was trained with, and each row denotes
the human pool the method was evaluated on. Each cell corresponds to the differ-
ence in Fl-scores between the respective self-supervised method trained with human
supervision and the self-supervised learning method independently.

Fig. 3.6a) and Experiment 4 in Fig. 3.5 show that the human-supervised head (eq.
3.3) does not improve the performance of the instance projection head across all cate-
gories. We attribute this result to conflicts between the two objectives. The instance
loss maximizes the agreement between two augmentations of the same image while
optimizing for pushing other instances away. In contrast, the human supervision head
optimizes for pulling human-provided instances together. Fig. 3.6b) and Experiment
5 in Fig. 3.5 show that human supervision helps improve the performance of the model

trained with the cluster loss for most categories. In this case, the objective functions
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Figure 3.6: Impact of augmenting human supervision to contrastive learning:
Difference in performance between self-supervised learning augmented with human supervi-
sion and the self-supervised learning model trained independently for instance loss, cluster
loss, and contrastive clustering, respectively across categories. Specifically, w.r.t. the ex-
periment numbers in Figure 3.5, a) represents Experiment 4 - Experiment 2, b) represents
Experiment 5 - Experiment 3, c¢) represents Experiment 7 - Experiment 6.
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align with human supervision supporting the formation of meaningful clusters. It is
worth noting that when the human pools used for training and evaluation are the
same (diagonal elements in Fig. 3.6b)), human supervision often helps improve the
performance of cluster loss.

Finally, we show that our method slightly outperforms the self-supervised con-
trastive clustering method [162] (Experiment 6 in Fig. 3.5), showing an average
improvement of 4.93% over all categories. Additionally, Fig. 3.6¢) shows the perfor-
mance of our method compared to contrastive clustering, which combines the instance
and cluster loss. Our method performs well across categories, even when the human
pools for training and evaluation belong to different categories (off-diagonal elements
in Fig. 3.6¢)). These results show that combining the losses that maximize agreement
between both different views of the same instance (instance loss) and different in-
stances belonging to the same cluster (cluster loss) benefit from even limited human
supervision. Our human supervision loss facilitates learning a representation with

more homogeneous clusters, as seen in the t-SNE plot in the supplementary material.

3.6 A Case Study with a Recycling Robot

This section describes in more detail the system we used to demonstrate our ap-
proach in a recyclable sorting task, as shown in Fig. 3.7. The robot learns the charac-
teristics of objects that a human is sorting, working alongside this person in real-time.

Afterward, we detail our experimental design, evaluation protocol, and results.

3.6.1 System Architecture

1. Object Detection: We predict instance segmentation masks over each object on
the conveyor belt using the overhead cameras’ video streams as described in Section
3.5. We convert these masks to tightly-fitted rotated bounding boxes.

2. Detection of Picked Objects: This module determines which objects the
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Figure 3.7: System Architecture

human is picking in real-time. This is done by identifying hand movements associ-
ated with an object being picked and then obtaining an un-occluded image of the
object from previous frames in the video. The system uses the MediaPipe real-time
hand tracking Application Programming Interface (API) and a ResNet-18 [116] image
classifier to identify between three events: a picking event, no picking, and no hand
present over the conveyor belt. To determine which item the human is picking in
real-time, the model compares the placement of the person’s hand with the position

of objects on the belt in a few prior frames.
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3. Similarity Estimation (Our Method): Our approach allows the robot to
learn the features of the objects picked by the person and to remove similar objects
out of the items remaining on the conveyor belt. Our human-supervised contrastive
clustering model is trained in real-time for 5 epochs on all the objects on the conveyor
belt and the human-selected objects by optimizing for eq. 3.3. The robot then uses
the trained learner to identify objects similar to the objects selected by the human.
We run inference on every remaining object on the conveyor belt that was not picked
by the human and calculate the pairwise cosine similarity between a given object
and every object in the human-selected pool. We assign the average pairwise cosine
similarity with the positive dataset to be the similarity score of the given object.

4. Hit Planner: A hit score is calculated for each object on the belt based on the
similarity score of that object and the number of other objects that would likely be
removed unintentionally should the robot try to remove the desired object from the
conveyor belt. These so-called “casualties" are a consequence of our robot’s hardware
only being able to push and pull objects off the belt rather than performing more
complicated manipulation actions. The object with the highest hit score is targeted

by the robot and removed from the belt.

3.6.2 Experimental Protocol and Results

One of the researchers removed recyclables of a given category from the moving
conveyor belt. The robot system recorded the items that the human picked from an
overhead camera. Once a certain number of items were removed from the stream, the
robot trained on the data it had collected. The robot then began to remove items it
deemed were similar to human-selected objects from the belt. The human and robot
worked together on the same belt, and the robot continued to update its model as
it watched the human pick more objects. When the human picked 30 objects from

the recycling stream, the robot’s model was cleared, and the researcher trained the
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Figure 3.8: Model performance in real-time.

robot’s model for a different category of objects.

We perform inference on images of all objects on the conveyor belt (including the
objects selected by the human using our trained model) to obtain their representa-
tion in the embedding space. We then compute the pairwise cosine similarity between
each human-selected object and every remaining object on the conveyor belt, which
are ‘candidate objects.” For each candidate object, we average the cosine similarities
between itself and the top-5 most similar human-selected objects and assign the av-
erage as the similarity score of that candidate object. These similarity scores for the
candidate objects on the conveyor belt are leveraged by the hit-planner module to
decide what objects are possible to remove with minimal casualties. We manually
labeled the video recordings of the robot removing items of a given category to count
the number of items correctly /incorrectly removed or missed to calculate the Fl-score
of the robot.

For sample efficiency in real-time, we initialize the robot’s model with a pre-trained

contrastive clustering model trained on our offline dataset (described in Section 3.5)
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with no human supervision. Fig. 3.8 shows the F'l-score of the robot system across
all ten categories after the researcher picks 30 items in increments of 10. On average,
there were 90 £ 16 items on the belt for each round of evaluation (when the hu-
man picked ten items). For every 10 human-provided examples, the robot’s F1-score

improved by 6 points on average across categories.

3.7 Limitations and Future Work

Our evaluation assumes that the human selects objects from the same category. Fu-
ture experiments will include inter-category object selection and a wider participant
pool outside the research team. Hardware constraints also impacted our evaluation.
The robot’s limited range of motion, combined with its relatively slow speed, led to
missed target items and accidental removals. Also, our system assumed the belt’s
velocity was the same as every object’s velocity. When this assumption breaks, the
robot miscalculates objects’ distances. These hardware constraints accounted for 36%
of all missed items and 32% of all accidental removals across all rounds of evaluation.
In the future, the system would benefit from using object tracking algorithms to help
the robot identify the movement patterns of each object to make object removal more
accurate. Additionally, we evaluated our approach on a relatively small diversity of
objects compared to what is expected in a Materials Recovery Facility (MRF) on a
relatively sparse and slow belt. Future work should evaluate the performance on a
more diverse stream of objects on a fast-moving belt.

Aggregating human feedback at scale is an interesting extension of our work.
For example, we imagine a situation in which humans observe objects near a robot
via a camera feed and provide remote supervision on which objects to pick. While
we don’t think this approach currently makes sense for the recycling domain due

to economic constraints, future work could gather labels in this manner to accelerate
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robot learning with our approach. Finally, even though our work focuses on recycling,
our approach could also be applied to industrial quality control or the fruit-sorting
industry. Broadly speaking, our approach could benefit applications in which humans
and robots work jointly and systematically to manipulate objects. However, since we
did not run explicit tests on any of these application domains, we tried not to speculate

too broadly.

3.8 Summary

In this chapter, we proposed an approach to learn human-aligned visual representa-
tions by incorporating human supervision into a contrastive clustering model, aiming
to better align a robot’s object representation with a human partner’s requirements.
This alignment enables the robot to predict the human’s goal category of objects more
accurately compared to baseines. The core idea is to treat the human’s selections dur-
ing a shared task as sparse supervision: the robot updates its embedding space so
that objects the human selects are pulled closer together, producing representations
that capture the distinctions the human is implicitly communicating. We evaluated
this approach in a simplified recycling-sorting case study where a human and a robot
work together to sort recyclables, with the robot learning online from the human. In
this setting, our method improved assistance performance relative to supervised and
self-supervised learning baselines and showed that the robot can learn representations
that are well-suited to the human’s requirements from only a few examples.

At the same time, the scope of this chapter is limited to adaptation from passive
observation, where the robot can rely on informative evidence that naturally emerges
from the human’s actions. This assumption becomes restrictive in multi-step, long-
horizon tasks, where early behavior can be consistent with multiple goals, and it

may be impractical for the robot to wait until the human’s intent becomes clear to
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provide adequate assistance. The next chapter addresses this gap by moving beyond
passive observation. Rather than only learning from what the human does, the robot
uses active influence — selecting its own actions to obtain more informative evidence
during execution, with the objective of establishing shared understanding earlier in a

long-horizon sequential task.
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Chapter 4

Active Goal Inference By

Influencing Human Actions!

The previous chapter focused on adaptation from passive observation, where the robot
learned from the information implicit in a person’s actions. In this chapter, we study
settings in which the same observed human behavior can be consistent with multiple
possible human goals, so shared understanding cannot be established quickly from
observation alone. We introduce Critical Decision Points (CDPs) — states in which
many plausible goal-directed policies the human may be following, diverge maximally,
so that the human’s next action yields highly discriminative evidence about which
goal is being pursued [92]. To leverage CDPs without interrupting the interaction
with explicit queries, we use receding-horizon planning to select robot actions that
influence the human toward such states while optimizing for task progress. To show
that this formulation is agnostic to interaction type, we evaluate it in both cooperative

and competitive domains and show that our active approach to influence the human

'Portions of this chapter were published as: Ghose, D.*, Lewkowicz, M*., Dong, D., Cheng, A.,
Doan, T., Adams, E., Vazquez, M. and Scassellati, B., 2024, August. Planning with critical decision
points: Robots that influence humans to infer their strategy. In 2024 33rd IEEE International
Conference on Robot and Human Interactive Communication (ROMAN) (pp. 777-782). IEFEE.
[92] *equal contribution
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to CDPs performs better than passive baselines.

4.1 Introduction

Robots that interact with people in shared environments must understand the high-
level intentions or goals that guide human behavior [121]. In both competitive and
collaborative situations, a robot’s ability to anticipate what a person is trying to do
or what their goal is, rather than merely reacting to their previous actions, enhances
the efficiency of its actions and supports more natural interactions [73]. However,
goal inference is challenging; the shared environment can be partially observable,
sensing is often noisy, and many human high-level goals often share initial actions.
Standard approaches that passively observe the human and update a Bayesian belief
assume frequent, distinctive observations or fully observable worlds. Under sparse,
ambiguous, or adversarial conditions, these methods converge too slowly, leaving the
robot uncertain for a significant portion of the interaction.

To allow a robot to quickly understand a human’s goal early in the interaction,
we have identified a key insight: certain states provide much more informative cues
about people’s objectives than others. We call such states Critical Decision Points
(CDPs). A CDP is any state in the shared environment of the human and the robot
where two or more plausible human strategies would prescribe different immediate
actions, making the human’s next move highly revealing to a robot. Intuitively, at
CDPs, subsequent actions of the human would clearly differentiate between competing
goals.

We hypothesize that by steering the interaction toward CDPs, the robot can re-
duce uncertainty more rapidly than if it were to rely solely on passive observation.
Thus, we propose that the robot use Receding Horizon Planning (RHP) [172] to ac-

tively influence the human toward CDPs will reveal their goal earlier in the interaction
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than passive observation.

In this work, we show that the insight of identifying CDPs and influencing the
human towards those CDPs is valuable in both competitive and collaborative tasks,
in fully or partially observable environments, and remains effective whether the ac-
tions taken by the human and the robot are temporally independent or unfold over
long action histories. We validate this idea in two scenarios: a collaborative task
performed in a fully observable environment with strongly time-dependent actions,
and a competitive task executed in a partially observable setting where actions are
largely temporally independent.

In many real-world tasks, multiple overlapping action sequences can be used to
accomplish different goals. For example, the steps for assembling a chair are similar
to those for a stool. In meal preparation, making pancakes involves actions like
mixing batter and pouring it onto a pan, which closely resemble those needed for
muffins. This overlap can make it challenging for a robot collaborating with a human
to determine a human’s specific goal, and make goal inference via passive observation
unreliable. Moreover, traditional goal inference in human-robot collaboration has
relied heavily on communication between humans and robots [144, 48, 198, 271, 250,
159, 206, 39, 53, 90, 174]. However, verbal communication between agents may not
always be feasible due to various physical or situational constraints [93, 130, 166].
Even when verbal communication is possible, the task may be too complex to explain
clearly, or humans and robots might interpret the same task description differently
[5, 34, 86]. Disabilities or the impracticality of verbal communication in specific
contexts, such as when it might interrupt another conversation or concurrent tasks
the human might be doing, can also make it challenging for humans to convey their
intentions directly [180].

To address the challenges of overlapping action sequences and the absence of

verbal communication, we propose that the robot guide the human toward CDPs
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which are states that could reveal their goal early in the collaboration. To guide the
human towards CDPs, the robot expands a Receeding Horizon Planning (RHP) tree,
to imagine many possible reasonable future actions of the human and the robot, and
selects an action that maximizes the amount of information gained while balancing
task performance.

We evaluate our approach to influence a human toward CDPs in a collaborative
cooking setup, both in simulation and with a physical robot, where a human and
a robot prepare 1 of 30 meal recipes collaboratively. We chose cooking because
it provides concrete ground truth for controlled experiments, supports comparison
with prior work [38, 45, 277, 99, 87, 90|, and includes many high-level goals that
share initial action sequences. Results show that clarifying human intentions sooner
enables the robot to adjust its actions more effectively, aligning them better with
the human’s goal and reducing redundant or conflicting efforts. We compare our
approach with prior works that have addressed the challenge of goal inference using
various strategies. Information gain maximization methods, such as [230], focus on
influencing the human towards taking actions that increase the robot’s information
gain without fully considering whether the robot’s actions align with the human’s true
goal, leading the robot to take many incorrect actions during collaboration, especially
when goals have overlapping action sequences. Bayesian Delegation [292], on the other
hand, continuously updates its belief over possible goals based on observed actions.
However, the method tends to overemphasize these overlapping action sequences,
diluting the belief in possible goals and making it harder for the robot to disambiguate
between them confidently.

Next, we propose a method for the robot to influence a human to reveal their goals
at CDPs using Receding Horizon Planning (RHP) [172] in a competitive task. We
demonstrate our approach in a partially-observable setting through a hide-and-seek

game between a human and a robot (Fig. 4.11). In this game, the seeker robot tries to
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catch a human-controlled hider by estimating their strategy. Since the environment is
partially observable, we demonstrate how CDPs can be precomputed over the spatial
state space.

Our experiments in simulation and our demonstration in the real world show that
when the robot seeker influences the hider toward CDPs, the seeker can catch the
hider more quickly than when the robot attempts to estimate the human’s strategy
while randomly exploring the map or minimizing the distance between itself and the
hider whenever the hider is visible. Overall, our findings suggest that robots can
leverage the properties of a shared environment in interactive human-robot tasks to
estimate a human’s strategy under partial observability.

In summary, our contributions are:

e Main insight. We show that human intentions can be revealed much earlier
if the robot actively drives the interaction toward a small set of highly informa-
tive states. We call these states Critical Decision Points (CDPs), states where

competing human strategies prescribe different immediate actions.

o CDP formulation and planner. We provide a formal, goal-conditioned defi-
nition of CDPs and an accompanying Receding-Horizon planner that steers the

human toward them while trading off task progress and information gain.

o Comprehensive evaluation. We evaluate the same CDP-based goal infer-
ence framework in two settings with contrasting interaction assumptions: a
collaborative, fully observable cooking task with time-dependent actions, and
a competitive, partially observable hide-and-seek task with largely independent
actions. To our knowledge, this is the first unified goal-prediction approach
shown to operate effectively across both cooperative and competitive interac-

tions, yielding earlier and more accurate inference than baselines.
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4.2 Related Work

4.2.1 Robots Predicting Human Goals
Goal Prediction in Human-Robot Collaboration

Inferring human goals and predicting their actions is crucial for effective human-
robot collaboration [121]. Researchers have studied this in contexts such as predicting
handover goal positions [315, 59, 157, 86], reasoning over human plans in collaborative
workspaces [122, 198, 109, 77, 3, 270], inferring intentions in shared autonomy [138,
140, 218, 15, 14, 70], and predicting motion for social navigation [261, 23, 153, 262].
Several key approaches have been employed to infer human goals and inten-
tions in human-robot collaboration. These include direct Bayesian inference, which
calculates the posterior probability of each possible goal, either in a single step
[211, 138, 134, 140, 79] or through dynamic processes like Markov models or Markov
Decision Processes (MDPs) [122, 64, 306, 169, 23, 154, 125]. Another group of meth-
ods uses supervised learning techniques, such as neural networks, to map observations
to probabilities over intentions using training data [236, 109, 273, 65, 219]. Freedman
et al. [83] propose an approach for the robot to execute a weighted combination of
precomputed policies for different goals based on its belief. These methods generally
take a passive approach to human goal inference, relying heavily on the observation
of human actions to deduce intent after the actions have been performed.
Researchers have also explored more active strategies to reveal human goals. One
line of work casts the robot as a passive observer that intervenes solely to disam-
biguate human goals, without contributing to task execution [11, 242]. Another
approach is Bayesian Delegation [292], which uses Bayesian inference to predict a
human’s response to a robot’s action. Prior work has also demonstrated that robots
can take information-gathering actions to better understand human internal states for

autonomous driving tasks using Model Predictive Control (MPC) [230], without con-
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tributing to shared task completion. In this work, we propose Critical Decision Points
to enable the robot to quickly infer human goals during a sequential human-robot col-
laboration task in an online manner, particularly for tasks where overlapping action
sequences result in multiple goals. We compare our method with an Information Gain
Maximization approach [230] and Bayesian Delegation [292] for a collaborative cook-
ing task, mimicking real-world cooking tasks where multiple goal recipes could contain
many overlapping action sequences, and show that our method is more effective at

inferring human goals earlier during the task.

Opponent Modeling

In competitive settings, opponent modeling is used to build a model of an opponent’s
behavior using observations of their actions [186, 265, 299]. Over the years, opponent
modeling has been extensively studied for applications such as playing stochastic
games between agents [282], negotiations between agents [187], and for cooperative
tasks [285, 297]. For human-robot interaction tasks, prior work uses Theory of Mind
202, 221, 282] to recursively reason about the human’s actions based on the robot’s
behavior. Some methods use inverse reinforcement learning [1] to estimate a human’s
reward model [36, 40] and then use the reward model to estimate optimal robot
behavior via reinforcement learning techniques. Bisson et al. [30] treat the robot
as a reactive observer in competitive games, using handcrafted provocative events to
disambiguate the opponent’s goal without actively engaging in the task. Therefore,
we build on these ideas by enabling the robot to participate in the game actively.
Our robot uses a Bayesian approach to continuously estimate the human’s strategy
while steering the interaction toward Critical Decision Points—states where human

behavior is most revealing of their underlying goal.
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4.2.2 Robots Influencing Humans

In recent years, there has been a growing interest in enabling robots to select actions
that influence human behaviors [286, 92, 264, 161, 274, 232, 199, 205, 49, 30| in
both collaborative and competitive scenarios. A common approach is to explicitly
model the human’s reward [1] and then optimize for robot actions that, at least in
the near future, steer the human towards states where they are more likely to act
in a desired manner [229]. More recently, high-level strategies of humans have been
inferred from repeated interactions using unsupervised learning [207, 293] or theory-
of-mind approaches [78, 241], with the inferred strategies being used to influence
their behavior. Prior work has also leveraged offline reinforcement learning to train
robots to influence humans more optimally [124, 286, 204]. Building upon this line
of research, we frame the problem of influencing humans to reveal their true goal
as a Receding Horizon Planning problem [172, 225]. We do this by enabling both
competitive and collaborative robots to select actions that drive a human towards

states where their actions are more revealing about their goal.

4.3 Influencing Humans to Reveal their Goals at

Critical Decision Points

4.3.1 Preliminaries
State Space

We consider a robot working alongside a person in a shared environment and aim
to enable the robot to infer the person’s high-level strategy or goal. We define the
full environment state to be s = ( sy, S, S ), where s, is a discrete description of
the world (for example, an occupancy grid or the locations of key objects), s, is the

human’s state (e.g., position or orientation), and s, is the robot’s state. The robot
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does not directly observe sy; instead, it receives observations o, through its sensors
(for example, an RGB-D camera or lidar), which may be noisy or partial depending
on the task context. If the environment were fully observable, we assume the robot
could have access to the full history H of all the actions taken during the interaction
by the human. In a partially observable environment, since s;, is not always complete,
we cannot assume access to the full history H. Additionally, to balance participation

between the human and the robot, we assume the interaction is turn-based.

Goal and Policy Bank

We assume a finite goal set G = { g1, . .., gn}, where each g denotes a distinct high-level
goal the human might pursue (for example, a particular destination in a navigation
task or a specific recipe in a cooking task). To each goal g we associate a distribution
of policies P,, where each policy in P, is possibly stochastic and captures “how the
human would act if their true objective were g”. Concretely, assume that P, has n
policies. Each policy i € [1,n] in P,, w;, defines the human’s next action a, € Aj,
conditioned on the current state s and, when relevant, the interaction history H,

where A;, signifies all possible human actions. Formally,
m(an | s, H) = P(ah | s, H,goal = g).

In the remainder of this paper, we refer to P, as the policy bank corresponding
to goal g. For example, in competitive navigation, the policy bank P,ormer might
include several different evasion paths all ending at the same goal location corner.
In collaborative cooking, Pymelette cOuld encompass different valid ingredient-ordering
strategies for making an omelette. Intuitively, each policy in the bank defines a
mapping from a state (and optionally history) to an action distribution. The policy

bank includes realistic ways a human might act to achieve the goal in the environment.
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Finally, we denote full policy bank as the union of policies for every goal g € G,
P = U Py We also assume the human’s actual goal-policy 7 remains constant

geg
throughout each interaction (i.e. they do not switch goals mid-task).

Belief over Goals

At each time step, the robot maintains a belief

bii(g) = Plgoal =g | Hiv),

where H;_, is the sequence of observed human actions up to time ¢ — 1. After the
robot observes the human perform action a}, in state s;, it updates this belief using
a Bayes filter. We assume a uniform prior over goals, meaning all goals are equally
likely before any actions are observed. This prior is folded into the belief b, _1(g), so
subsequent updates do not explicitly show a prior term.

Each goal g can be accomplished not by a single policy but by executing a pol-
icy from a policy bank P, = {77;, ..., Ty} Hence, the likelihood of an action must

marginalise over all policies in that bank:

_ 1 &,
mg(a|s, H) = WZﬂg(a\s,H).
gl i=1

Intuitively, 7, answers the question: “If the human’s goal were g and they could be
following any valid policy in Py, with equal prior weight, how likely is the action I just

saw?” The belief update is therefore

B 7_Tg<a'}1 | st,Ht_1) bi-1(9)
Zfrg/(az | Staﬁtq) bia(g)
g/

bi(9)

We can also reinterpret the Bayes update in terms of observed state transitions

rather than actions. In this view, the robot asks: “What is the likelihood of reaching
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state sy, if the human were pursuing goal g?". If the transition model were determin-

istic T'(s; | s4-1,al) =1, P(s; | g) would be computed as:

P(si | g) = ZT(St | st-1,0a) ﬁg(a | StflarHt71>

a

— t
= 7o(af, | 51, Hin)),

so the standard Bayes filter gives

bi(g) oc P(st | g)bi1(g)-

Here b;_1(g) is the prior at time ¢ — 1, and the likelihood 7, (or equivalently
P(s; | g) is estimated empirically from state-visitation frequencies generated by all

policies in P,.

4.3.2 Critical Decision Points

The primary insight of our work is that certain states in the environment are in-
herently more revealing of the human’s underlying goal than others. We call these
states Critical Decision Points (CDPs). Different goal-conditioned policies prescribe
markedly different next actions at a CDP, so observing which action the human ac-
tually takes yields maximal information about their true objective.

Mathematically, suppose our goal set is G = {g1,...,9,} and each goal g; is
paired with a policy W;. At any state s, and given interaction history H if available
(in fully observable environments), each goal is represented by the marginal action
distribution 7;; as described in eq. 4.3.1 over the human’s next action. We measure

the total pairwise disagreement among these distributions by
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R ay = m(s2)
—— ) a2 = Ma(s2)
1§ oy =mfse)
ay (= 7y (2) ———
a1 = 71(81)
51
ag = m3(sq) ( )f}.g = my(s1)

ag = my(s1)

83 — ay = ?U{SS)
az = ma(p3)
a3z = Tﬂg'.blj]
a4 = m4(p3)

Figure 4.1: Critical Decision Point Computation. For every policy of the human in
the policy bank, we compute what states in the environment produce the most divergent
actions. For instance, if there were four reasonable policies the human could be following,
at s1, all four of them produce different actions, making s; a Critical Decision Point (as

compared to sy and s3 where most policies predict the same action).
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M(s,H)y= > D(Fi(an | s, H), Tj(an | s, H)),

1<i<j<n

where D(p, q) is any symmetric divergence between two probability distributions (for
example, the total-variation or ¢; distance or a raw count of the number of policies
diverging at a state). This total, M (s, H), captures the extent of disagreement among
goal-conditioned policies to identify states where multiple policies diverge meaning-

fully. A state s becomes a CDP when this disagreement between policies exceeds a

chosen threshold 6:
Scop(H) ={s€S | M(s,H) > 6},

Intuitively, in Fig. 4.1, there are four policies, each leading to a different goal.
At state sq, each policy selects a distinct action—up, right, left, and down—so the
pairwise divergence M sy, H) would be 4, indicating high disagreement and making
s; a CDP. In contrast, at sz, all policies choose the same action (right), yielding a
divergence of 0 and making s3 uninformative for inferring the human’s true goal.

CDPs can be precomputed offline when no access to history is available by eval-
uating M (s, @) once for every state and storing those above the threshold, and can
also be computed online during interaction by recalculating M (s, H) with the current
history.

Our central hypothesis is that by steering the human and the shared interaction
toward these CDPs, the robot can observe the most distinguishing human actions and
thus reduce its uncertainty over the human’s goal far more quickly than by passive

observation alone.
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Initial State Robot Reasoning about Influencing Human to
Critical Decision Point

Is the human making a

Salad or Stew? | could

Get Kale

Robot Reasoning at Robot Taking Action
Critical Decision Point Let me

Get Kale

The human could pour the
Kalein a Pan

The human could pour the
Kale in a Bowl

leading to leading to

«——
vt
, . Robot’s Oberservation and
Robot’s Action Goal Inference

The human poured the

Let me assist the human Kale in a Pan

by pouring the .
Tomatoes in a Pan They must be making a

—

Figure 4.2: Robot reducing uncertainty about the Human’s Goal at a CDP:
As shown by the initial state, ingredients and utensils common to salad and stew are
collaboratively brought by the human and the robot in the workspace. The robot reasons
about possible next actions to influence the human to reveal their goal. The robot takes
an action to complete gathering all the ingredients, rather than adding them to the pan or
bowl, to observe the human in a CDP. This allows the human’s next action (either adding
the kale to the pan or the bowl) to reduce uncertainty about the goal. The human clarifies
their goal through their action, and the robot takes action to support the human.
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Algorithm 1 Owverview - Influencing the Human toward CDPs with RHP

Input: Goal set G = {g1,...,9n}; policy banks P, = {71';, ..., Tg?}; horizon Dy; weights
A12; divergence D; task cost Giask

Output: Next robot action a}

Init: bo(g) < 1/|G|, H+@, t<0

while task not finished do

// 1) Sense
observe s; = (S, Sh, Sr)
// 2) Expand depth-Dj tree
Alternate levels of:
e robot branches over a, € A,,
1
o human samples a, ~75(ap | s, H) Tg(a|s, H) = WZW];(CL | s, H).
gl
Store every leaf £ with sy and Hy
// 3) Score leaves
foreach leaf ¢ do
Informativeness Score: My < >, D(ﬁ;(ah | 3@,7-[4),775(% | Sg,’Hg)) Task
Score: Cg — qask(Sg,Hg) Je — )\104 + )\QMZ
end foreach
// 4) Act
0* < argming Jy; a! < first robot step on path ¢*; execute a}
// 5) Update belief
7g(aj, | st,H) be(g)
observe a} bii1(g) = Al H+— HU{al}, t+ t+1
no Yy Ty (af | se. 1) bilg) "
end while

4.3.3 Influencing the Human to Critical Decision Points

We develop a method for the robot to reduce the uncertainty of its belief over the
human’s current goal, given the set of reasonable human goals in the goal bank
G, in both competitive and collaborative tasks. We frame the above problem as a
discrete-time planning problem, which we solve using a Receding Horizon Planning
(RHP) approach [172]. RHP takes inspiration from Model Predictive Control [85]
but concerns discrete decision-making rather than continuous control. Generally, to
perform RHP, an agent iteratively solves a planning problem over a receding horizon,
considering possible future actions by expanding a search tree. After planning on a
given time step, the first action leading to the best possible outcome is executed, the

horizon window moves forward, and planning is performed again for the next possible
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futures.

Algorithm 1 summarizes our RHP-based approach to influence the human toward
CDPs. At the start, the robot has no prior belief over the human’s objectives: it
initializes a uniform belief over all goals and an empty history of observed human
actions. The robot first perceives the current joint state s; = (S, i, S»), where s,
encodes the world state, s, the human’s (possibly noisy) state, and s, the robot’s
own configuration.

Next, the robot builds a depth-D g look-ahead tree of future states with the current
state as the root. The tree consists of alternate robot and human moves. The robot
action branches over every feasible action that can be taken from the current state.
The potential human response to every robot action is drawn from the most likely
goal-conditioned policy 7, the robot believes the human is following.

Each leaf ¢ is then given two scores: a task cost Cy that quantifies how well
the robot’s path advances the human’s goal, and an informativeness cost M, that
measures how strongly the goal hypotheses disagree on the human’s next move at
sg. Crucially, this same M is the divergence-based measure used to define Critical
Decision Points, states where different goals prescribe markedly different actions using
Eq. 4.3.2. In other words, when M, is large, s, lies in the CDP set, and observing the
human there would yield maximal clarity about their true goal. The planner combines
these into a single objective to favor futures that both progress the task and steer
the human toward CDPs. The robot selects the leaf with the lowest combined cost,
executes the first robot move along that path, and waits for the human to respond.
Upon observing human actions after the robot has taken them in the real world,
the robot refines its posterior over goals via Bayes’ rule and appends the new action
to its history. Incrementing ¢, the tree is then expanded again to continually guide
the interaction toward states that both support the task and most rapidly reduce

uncertainty about the human’s intentions.
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Algorithm 2 Scenario 1: Selecting Action at Timestep t to Influence Humans to
CDPs by expanding an RHP tree for Human-Robot Collaboration

Input: Goal set G = {g1,...,9n}; per-goal policy banks P, = {773, Y AR

Current joint history H%~! of all observed actions;

Planning horizon Dp; weights (A1, A2);

Divergence D(,-); task-cost Ciask(+)

Output: Next robot action a}

bi(g) < 1/|G| (no prior bias), H « H**-1

while task not finished do

// 1) Observe

sense S¢ = (Sw, Sh, Sr)

// 2) Expand depth-Dp look-ahead tree

Alternate robot branches (a, € A,) with human samples aj, ~ 7z(ay | s, H), where

mg(a|s, H) = |P—1{]‘Z7rlgf(a | s, H).
k

Store each leaf ¢ with state s;, augmented history Hy (i.e. H extended with simulated
actions), and future sequence F.
// 3) Score leaves
foreach leaf ¢ do
My « dissimilarity(bel(HOU1), bel (Fot))
Cp + G(]:t)
Jo — MCp+ XMy
end foreach
// 4) Execute robot move
0* + argming Jy; a! < first robot step on path £*; execute a}
// 5) Observe human and update belief
7y(af | 50, H) bilg)
Yy Ty (ay | s, H) bi(g')

observe a} bi+1(g) = H+HU{al}; t+t+1

end while

4.4 Scenario 1: Influencing the Human to Reveal

their Goal in Human-Robot Collaboration

4.4.1 Approach

Alg. 2 describes our Receding Horizon Planning (RHP) approach for selecting the
robot’s action at a given timestep, such that the robot could influence the human to
take more distinguishing actions at CDPs during human-robot collaboration (see Fig.
4.2 for an example scenario in a collaborative cooking task).

First, we expand an RHP tree with the current interaction sequence (i.e., the
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history of actions leading up to the last action taken by the human) as its root. To
do this recursively, we iterate through every leaf node in the tree, which is a sequence
of possible future actions both agents can take from the root node of the tree. Then,
for each valid action from the corresponding state, we execute that action and add
the resultant state as a child node to the selected leaf node (lines 5-6). We continue
this process until we reach depth Dy. Then, we observe the history of actions taken
only by the human, and use this to calculate the cost for every leaf node according to
Eq. 5.3.2 (lines 7-11). Finally, we return the first action leading to the leaf node with
the lowest cost (lines 12-13), observe the human’s next action (line 15), and update
the robot’s belief (line 16).

We steer the robot in the collaboration towards taking actions that are 1) unlikely
to be detrimental to achieving the human’s goal and 2) likely to significantly alter
the robot’s belief about human goals.

For the first consideration, we induce the robot to take general actions that are
common for reaching multiple goals. Intuitively, as the task progresses, the robot’s
tendency to act generically reduces the availability of general actions for the human,
effectively pushing them to take specific actions that could clarify their true goal. We
formalize this via a generality score G(F"), where F' is a sequence of future actions
taken from the state s’. For a given sequence F*, the score is computed by estimating
how often the policies in the bank P would result in the same sequence of actions as
in Ft.

For the second consideration regarding the belief about human goals, we calcu-
late a dissimilarity measure that enables the robot to identify actions that maximize
changes to this belief. We compute this dissimilarity measure as the disagreement
of actions available from each state in the state space, as given in Eq. 4.3.2. This
dissimilarity measure takes into account the action history of an interaction up to

state s, which we refer to as H"*"!, and a possible sequence of future actions F*
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Figure 4.3: Selecting actions to infer the human’s goal at a CDP for a human-
robot collaborative cooking task: A Receding Horizon Planning (RHP) tree of all
possible actions the human and the robot can take in a turn-based interaction is expanded,
where the human takes the first turn. The circles correspond to states, and the arrows
correspond to the possible action sequences taken at a given time step. The color of the
circles indicates the possible goals that can be reached from a given state. The belief
distribution is shown at steps ty and to, as the robot updates its belief over the human’s
goals when a human action is observed. The green arrows show the actions that would
optimize the cost function in Eq. 5.3.2. See the text for more details.
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from s':

divergence = dissimilarity(bel(H"*™1), bel(F"))

where bel(-) corresponds to the likelihood over possible human goals induced by the
policies in P given the input sequence, either past or future actions, and is computed
using the Bayes filter from Eq. 4.3.1. In this work, we calculate dissimilarity using
cosine similarity; however, other measures, such as Wasserstein distance, could also
be used as an alternative. Notably, this dissimilarity measure can be calculated online
as the interaction progresses, if the state space is prohibitively large.

Taking both considerations together, the robot ends up acting by choosing a
branch of the RHP tree that minimizes the weighted combination of task and in-

formativeness costs:

C = M\ * G(F') + Ay x dissimilarity(bel(H*™1), bel (F?))

task cost informativeness cost

where, A\ and A\, are emperically determined hyperparameters. This cost is imple-
mented in lines 16-17 of Alg. 2, where the input sequence of past actions is computed
in line 15, and the future possible actions are computed in lines 3 to 14.

Fig. 4.3 illustrates how our proposed approach works. A tree of all possible actions
the human and the robot can take in a turn-based interaction is expanded, where the
human takes the first turn. After ¢y, the robot is already biased towards either the
parfait or oatmeal being the human’s goal, so it chooses a more general overlapping
action (gathering a spoon) to influence the human into a CDP, which would be either
gathering the salt or the sugar. At the CDP (¢3), the human would gather sugar,
which disambiguates between the two most likely goals, leading the robot to update
its belief and confirm the parfait as the goal. The robot can then align its actions

with the actual objective, which in 3 is gathering the glass. The green arrow shows
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the path that minimizes the cost. The robot would take the first action on this path,

observe the environment, and reconstruct the tree at the next step.

4.4.2 Task and Problem Representation

Collaborative cooking is a commonly used testbed for evaluating human-robot col-
laboration algorithms [38, 45, 277, 99, 87, 90]. It is particularly interesting to demon-
strate the efficacy of our approach because many overlapping sequences of actions can
result in different meals being prepared. For example, chopping vegetables, boiling
water, or mixing ingredients are common steps in various recipes, making it challeng-
ing to accurately infer the specific dish being made without additional distinguishing
actions.

To evaluate our approach, we conducted experiments in both a simulation and a
real-world setup where a human and a robot could collaboratively cook 30 possible
recipes, taking turns performing one action each. We assume that the human and
the robot can perform any required preparatory step, with each step taking the same
time, regardless of who completes it. Our experimental setup consists of a robot and
a user in a simplified kitchen environment (refer to Fig. ?7) preparing a meal. The
environment consists of a blender, a sink containing water, a pan on a stove, a serving
bowl, a glass, a serving spoon, an eating spoon, a measuring cup, and a storage shelf
containing ingredients for making the meals. The meals could be a type of pasta,

stew, salad, oatmeal, smoothie or parfait. The details of recipes are given in Table

5.1.

1. Pasta: The pasta sauce is prepared by blending tomatoes, pouring them into
a pan with oil, and cooking it on the stove. The pasta is added to the stove

and cooked. Variations include adding cheese or vegetables to the pasta.

2. Stew: The stew is prepared by filling a pan with water and adding salt, onion,
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tomato, and various vegetables to the pan. Variations include adding avocado,

cheese, or both. The stew is cooked on the stove, mixed, and then served.

. Salad: The salad is prepared by adding ingredients like cucumber, lettuce,
tomato, and onion into a bowl and mixing. Variations contain pasta, avocado,

nuts, or fruits.

. Oatmeal: The oatmeal is prepared by filling a pan with water, adding oats and
salt to the pan, and cooking. Variations include adding toppings like strawber-

ries, blueberries, or chocolate chips.

. Smoothie: The smoothie is prepared by adding water, yogurt, and sugar to
the blender, followed by specific fruits or chocolate, depending on the recipe.

The smoothie is blended, and the final product is poured into a glass.

. Parfait: The parfait is prepared by layering ingredients such as yogurt, oat-
meal, and sugar in a glass. Variations may include adding fruits, nuts, or

chocolate chips.

The robot’s state and action space are defined using the Planning Domain Def-

inition Language (PDDL) [4]. We used PDDLgym [243] to dynamically update the

environment’s state based on actions taken by either the robot or the human. Both

the human and the robot can take actions

A = {gather(i,a),pour(i,d,a),mix(i,a), cook(i,a),turn_on(i,a),

collect_water(t,a),blend(i,a),reduce_heat(i,a),serve(i,a)}

where i is an item available in the interaction, d is a container such as a bowl,

glass, or pan, and a € {HUMAN, ROBOT?} denotes the agent acting. The state

space is described as a vector of PDDL literals where each element corresponds to
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a feature of the environment, including the presence of an item in the workspace or
storage area, whether an item is in a container or appliance; the power state of the
stove and blender; the state of an item (simmering, blended, cooked). We assume a

deterministic environment and a fully observable state space.

4.4.3 Experimental Setup

The objective of both the physical and simulated collaborations is for a human and
a robot to work together to prepare a meal, which could be a type of pasta, stew,
salad, oatmeal, smoothie, or parfait (see Table 4.1). While only humans know the
specific meal being made, robots attempt to infer the intended meal by collaborating
with humans and observing the sequence of actions they take in response to their own
actions. We assume that the human always takes the first action in the interaction.
Below, we detail our experimental setup for both the physical robot and simulation

experiments.

Simulation

Modeling Human Behavior: In the simulation, the human’s policy bank is rep-
resented by ground-truth sequences of desired actions derived from corresponding
Clique/Chain Hierarchical Task Networks (CC-HTNs) [114]. These CC-HTNs model
tasks that must be performed sequentially (e.g., the strawberry must be added to the
blender before the blender is turned on) or can be done in an unordered fashion (e.g.,

the stew toppings can be retrieved in any order).

Approximating Belief Distribution: Because our recipes are designed with many
steps that can be performed in any order, the number of action sequences to complete
a given recipe can become prohibitively large. This makes it challenging to calculate
the belief distribution over possible goals after observing an action, as the lookup

would need to account for all possible CC-HTN combinations across all recipes. To
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address this, we approximate the belief distribution over goals using a transformer-
based model to approximate bel(H%~!) and bel(F") in Eq. 4.4.1. To train this goal
prediction model, we sampled 10,000 valid action sequences for each of the 30 recipes
(300,000 total action sequences across all recipes). The model employed a transformer
architecture with multi-head attention [280], comprising 4 layers and 8 attention
heads, and was trained using cross-entropy loss to capture dependencies between
actions within the sequence. The model produced a probability distribution over
possible goals based on either a sequence of proposed actions (bel(F*)) or a sequence
of actions performed by the human (bel(H"*"')) in Eq. 5.3.2, with temperature
scaling applied to control prediction confidence. The model was evaluated on a held-
out validation set comprising 20% of the dataset and produced a goal prediction
accuracy of 83.86%. This slightly low accuracy reflects the inherent difficulty of the
task, as many potential goals share overlapping action sequences, making early goal

prediction challenging.

Expanding the RHP Tree: Due to our large recipe set, as shown in Table 5.1,
we have a large number of possible actions valid at any given time step, making it
computationally intractable to expand the RHP tree beyond a single timestep fully.
To get around this limitation, we calculate the probabilities for each action, given a
certain action history. We do this offline with an n-gram-based method, observing
how often each action occurred with a certain prefix of n actions. Then, we only
explore branches of the RHP tree corresponding to the top 5 most likely actions,
which are returned by get actions in Alg. 2 on line 7. This makes it computationally
tractable for us to expand the tree to a depth of 4 (D = 4). However, the n-gram-
based approach also fails at a certain point, as the exponentially increasing number
of unique action sequences for a given length means that we will eventually encounter
a sequence not in our dataset. In this worst case, we fall back on our model’s belief of

the goal probability distribution and explore branches corresponding to actions that
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Figure 4.4: Setup for our Physical Robot Experiments for the Human-Robot Collaborative
Cooking Task
would help reach the most likely goals. In our cost function described in Eq. 4.4.1,

we selected A\; to be 1 and Ay to be 10.

Physical Robot

As shown in Figure 77, our physical setup consisted of a UR-be robot, an overhead
Microsoft Azure Kinect camera [246] that monitored the position of ingredients in
the workspace, and a microphone. To avoid having to visually perceive the actions
being performed by humans while they are doing them, humans were instructed to
describe the actions they are doing in natural language. We then developed a simple
language model that used fuzzy matching to map natural language to particular

actions represented as PDDL literals. Realistic-looking artificial ingredients were used
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to ensure equipment safety, and liquids were replaced with colored beads. Similarly,
all appliances were modified to turn on but not emit heat or have any sharp blades.
The workspace in front of the robot contained a blender and a pan on a stove, both
of which had been modified to enable the robot to manipulate them easily. To the
robot’s left, the water-dispensing sink, a stand containing the serving and the eating
spoon, and a shelf containing the condiments, salt, sugar, and oil were placed. The
serving bowl, the glass, and the measuring cup were located to the robot’s right. The
storage shelf containing the ingredients required to make the meals was behind the
robot. Each ingredient was placed in a distinct colored container, which the robot
could bring to the workspace whenever needed. Similar to Tilekbay et al. [266],
we used the Contrastive Language Image Pretraining (CLIP)[222] model to localize
objects in the robot’s workspace based on predefined descriptive language prompts
for each possible ingredient, to identify the region of interest containing the object
and within that region of interest, we employed the Segment Anything Model (SAM)
[150] to predict a segmentation mask over the object of interest. Finally, we applied
a heuristic grasp point prediction method using the segmentation mask, enabling the

robot to manipulate the items in its workspace appropriately.

4.4.4 Comparisons

We compare the performance of our approach against the following two algorithms:

Bayesian Delegation

Bayesian Delegation [292] uses Bayesian Inference to predict and coordinate actions
in human-robot collaborative tasks. This approach first determines the most likely
task allocation from the action history, indicating which task each agent should work
on. Then, it chooses each agent’s action based on the goal it believes that the agent

is trying to accomplish. Bayesian Delegation allows both agents to work on the
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same sub-task, which is not applicable in our setup. Moreover, it assumes that
humans and robots act in parallel, which does not happen in our setup. We adapt
the concurrent action execution in the original method to our turn-based setup by
having the robot alternate actions with the human and expanding a tree of actions of
depth 2 to simulate potential human responses. We consider the robot’s actions and
the human’s expected responses to calculate the Q values by giving a positive reward

for each proposed action that aligns with the most likely recipe.

Information Gain Maximization

We use the information-gathering framework proposed in [230] as another baseline in
our setup. This approach enables a robot to actively probe a human’s internal state by
planning actions that maximize expected information gain. Following their method,
we adapt it to our task by having the robot expand a receding horizon planning (RHP)
tree of depth 4. Based on the original formulation of this approach, at each step, the
robot optimizes a cost function that includes two terms: the first term maximizes the
information gain of goal probabilities between the root node and the tree’s leaf nodes,
reducing ambiguity about the human’s goal. The goal probabilities at the root and
the leaf are calculated using the method described in Sec. 4.4.3. The second term
rewards the robot for taking actions aligned with the most likely goal and penalizes
actions that deviate from it. The robot executes the first action that minimizes the
combined cost in our implementation. It then allows the human to respond by taking
the next valid action defined by the appropriate HTN, expands the tree again from
the new state, and iteratively updates its goal probabilities.

In contrast to our CDP approach, this baseline intuitively selects actions expected
to maximally shift the robot’s belief about human goals. CDP, by design, identifies
informative states based on how much goal-conditioned policies disagree, regardless

of the robot’s current belief, by computing informativeness directly from divergence
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in action choices. This baseline, on the other hand, defines informativeness as the
expected change in the robot’s belief distribution. Unlike CDP, which assigns a fixed
informativeness to each state, IGM’s measure varies with the robot’s current uncer-
tainty, potentially causing the robot to overexplore states it is currently uncertain

about, even if those states are unlikely to reveal the human’s true goal.

4.4.5 Metrics

We compare the performance of our method against each baseline comparison for our

proposed collaborative cooking task using four key metrics.

1. First Correct Guess: The first timestep in an interaction when the robot

correctly identifies the human’s goal.

2. Last Incorrect Guess: The last timestep in an interaction when the robot

wrongly identifies the human’s goal.

3. Number of Extra Steps: Number of extra steps taken by both agents to
complete the interaction compared to the number of ground-truth steps from

the corresponding HTN.

4. Percentage of Correct Guesses: Percentage of timesteps during an inter-

action when the robot correctly identifies the human’s goals.

We report each method’s top-1 and top-3 accuracy for the first correct guess, the last

incorrect guess, and the percentage of correct guesses.

4.4.6 Simulation Results

Fig. 4.5 compares our proposed approach with the Bayesian Delegation [292] and
Information Maximization [230] approaches across several key metrics in a simulated

collaborative cooking task. The means and standard deviations of the metrics are
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Figure 4.5: Results of the Collaborative Cooking Evaluation: Comparison of
performance metrics between the proposed approach, vanilla CDP [92], Information Gain
Maximization [230], and Bayesian Delegation [292] in the collaborative cooking simulation.
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calculated over 30 recipes and evaluated across three trials. When following the
ground truth, each interaction sequence, on average, involves 18.7 steps, setting a
baseline to assess the robot’s performance.

Fig. 4.5 a) shows that our approach consistently identifies the human’s goal earlier
in the interaction than all baseline approaches. The first correct guess typically occurs
in the first third of the sequence, well before the interaction’s midpoint. However, this
metric can be somewhat noisy, as all methods might occasionally predict the correct
goal by chance early in the interaction without resolving uncertainty about the goal.

Therefore, we compute the last incorrect guess metric, as it marks the point in
the interaction where the robot no longer makes erroneous predictions about the
human’s goal. Fig. 4.5 b) shows that our approach generally achieves this around
the midpoint of the sequence, earlier than all baselines. This earlier resolution of
uncertainty indicates that by the time half the sequence is completed, our method
has effectively understood the human’s intentions, leading to a higher percentage of
correct guesses as shown by Fig. 4.5 d).

Fig. 4.5 ¢) shows the total number of extra steps both agents took to complete the
collaboration. If the robot performs every action incorrectly, the interaction could
take up to twice as long, as the human would need to perform every correct step
towards task completion. Conversely, if the robot correctly assists the human, the
task can be completed in the baseline of 18.7 steps, the average length of a ground
truth sequence. The number of extra steps in our approach is minimal, averaging
0.70 steps, compared to 7.02 steps for the information gain maximization approach,
9.46 steps for the vanilla CDP approach (a “history-agnostic" CDP baseline, in which
each state’s informativeness is computed in isolation from any prior actions called
“Vanilla CDP" in the rest of the Section).), and 11.0 steps for the Bayesian Delegation

approach, showing that our approach can lead to efficient human-robot collaboration.
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4.4.7 Ablation Study
Cost Function Ablation

Fig. 4.6 shows the results of the ablation study we conducted to determine the
impact of the generality and similarity terms in the cost function given in Eq. 4.4.1.
Overall, we observed that our method performed better on all metrics over individual
components of the loss functions.

When generality is considered individually, we observed that the robot tended to
take very general actions, often avoiding task-specific actions. This behavior caused
the robot to deviate from the task at hand, leading to unnecessary steps to complete
the task, as illustrated in Figure 4.6¢). Notably, since the robot is inclined to under-
take actions that correspond with a broader range of goals by prioritizing generality,
it performed well in accurately predicting the correct goal, as shown in Figure 4.6d).

On the other hand, when the similarity term is considered in isolation, we found
that the robot effectively selects the most beneficial actions for the human in the
moment. However, it struggles to guide the human toward CDPs, which are essential
for quickly clarifying their goals. This limitation is evident in Figure 4.6d), where
the robot performs poorly in goal prediction. Conversely, it takes fewer unnecessary

steps, as depicted in Figure 4.6¢).

Time Dependency Ablation

In this ablation (Fig. 4.7), we isolate the effect of incorporating interaction history
into the informativeness score calculation (Eq: 4.4.1) to establish a “history-agnostic'
CDP baseline, in which each state’s informativeness is computed in isolation from any
prior actions (this baseline is called “Vanilla CDP" in the rest of the Section). At ev-
ery time step, this approach evaluates the divergence among goal-conditioned policies

at the current state, chooses the move that leads to the highest immediate informa-
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tion gain, observes the human’s response, and updates its belief, never allowing past
observations to influence which states are deemed most revealing. By contrast, our
approach conditions the informativeness calculation on the entire interaction history
H. As Fig.4.7 shows, this temporal reasoning enables the robot to correctly identify
the human’s goal significantly earlier in the interaction and to complete the task in

far fewer extra steps than the history-agnostic CDP baseline.

4.4.8 Real Robot Results

We conducted two proof-of-concept case studies using a real robot and a human
collaborator (with one of the researchers acting as the collaborator using the setup
shown in Figs. 4.2 and 4.4) to compare the performance of Bayesian Delegation [292],
information-gain maximization [230] and vanilla CDP [92] methods with our proposed
approach in collaborative cooking tasks as shown in Fig. 4.8. For each step the robot
took in all four methods, we evaluated the predictions of our goal predictor model
to determine whether the correct goal recipe is among the top three most probable
options. To ensure a fair comparison of the methods, humans always took the same
first action, preventing any revealing actions at the outset.

We found that our method strategically selected general actions common to most
recipes to influence the human collaborator to perform distinguishing actions early,
reducing uncertainty about the human’s goal. This allowed the robot to become
certain sooner and avoid incorrect actions. In contrast, Bayesian Delegation relied on
noisy initial goal estimates, leading to early mistakes that compounded and made it
difficult for the goal predictor to identify the correct recipe by the end. Vanilla CDP
identifies Critical Decision Points (CDPs) based solely on the immediate information
gain at a given state, without considering the action history or the long-term impact
of prior actions, which is shown to be problematic given the sequential nature of the

task. Finally, we find that Information Gain Maximization fails to balance exploration
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(gathering information to clarify the goal) with exploitation (taking actions that align
with the most likely goal). Consequently, for each of our three baseline approaches,
the human performed most steps in the task.

Fig. 4.8a) shows our first case study where our goal recipe is the Kale Tomato
Smoothie; our approach influenced humans to add distinctive ingredients early by
performing general actions like getting the yogurt and collecting water. The robot
became certain of the goal by step 10 by just taking one extra step at the beginning
of the interaction. Bayesian Delegation, relying on uncertain estimates, led the robot
to make mistakes such as pouring tomato into the pan instead of the blender, adding
unnecessary ingredients like lettuce, and taking ten extra steps. Vanilla CDP fails to
consider the entire action history, leading the robot to use combinations of actions
that do not contribute to any recipe in the Goal Bank, e.g., Get Glass and Get
Mixing Spoon, which never occur together in any recipe. This led the robot to take
seven extra steps. Information Gain Maximization tries to narrow down the goal
distribution without considering whether the goal it is converging to is correct or not,
which leads it to take overly specific actions that are not helpful to the recipe, such
as Get Onion, leading the robot to take seven extra steps.

Fig. 4.8b) presents our second case study, where the goal recipe is Nut Chocolate
Parfait. Our approach began with general actions like retrieving the bowl and glass
and influencing the human to add yogurt, nuts, and chocolate chips early, key steps
in making the parfait. As a result, the robot quickly became certain of the goal,
with the correct recipe consistently appearing in the top 3 predictions from step 6
onward. Although our method took a few extra steps due to confusion between
the Fruit Nut Chocolate Parfait and the Nut Chocolate Parfait because the robot
erroneously fetched strawberries and blueberries, it only required three extra steps.
In contrast, Bayesian Delegation caused the robot to make irrelevant actions like

retrieving tomato, cucumber, and onion, leading to ten extra steps and fewer correct
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guesses. Like in Fig. 4.8a), Vanilla CDP takes combinations of actions that can never
plausibly occur together, such as Get Glass and Get Salt. This leads the robot to
take eight additional steps. Information Gain tries to acquire as certain an estimate
of the human’s goal as soon as possible, which leads to it taking incorrect actions
with relatively low generality very early (such as Get Tomato), which leads the robot

to take eight extra steps.

4.4.9 Comparative Analysis of Performance of CDPs in the

Collaborative Task
Bayesian Delegation

Bayesian Delegation [292] struggles when dealing with tasks involving overlapping
action sequences that lead to different goals. When different goals share many of
the same actions, this approach struggles to differentiate between them because the
observed actions do not provide enough discriminatory power, causing the belief to
remain spread across multiple possible goals. This results in delayed disambiguation,
as the Bayesian approach accumulates evidence slowly, making it harder for the robot
to infer the correct goal promptly and confidently. Moreover, the probability mass
tends to be diluted across several goals rather than concentrating on the correct
one, making it difficult for the system to favor the correct goal even after multiple
observations. As observed in our experiments, these limitations lead to slower and

less accurate goal inference.

Information Gain Maximization

Information Gain Maximization [230] focuses on reducing uncertainty at each step by
selecting actions that maximize immediate information gain. However, this approach

is shortsighted for tasks where multiple goals share the same action sequences because
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the robot prioritizes actions that provide immediate information. Intuitively, this
method fails to balance exploration (gathering information to clarify the goal) with
exploitation (taking actions that align with the most likely goal). By always taking the
action that provides the most information immediately, it may be pursuing the wrong
goal, when it should be taking more general actions that provide less information but

help support the human’s goal.

Vanilla CDP

To isolate the effect of incorporating interaction history into our approach, we compare
our method against vanilla CDP [92]. Vanilla CDP considers only the current state
without past actions. This leads the robot to take implausible actions, as it ignores the
context in which human actions were performed. The issue is especially problematic
when multiple action sequences overlap, making context crucial for distinguishing
between goals. Without an action history, the robot’s mistakes compound, making
it harder to infer the human’s goal. Also, since whether a state is informative about
a human’s goal depends on when it occurs, ignoring temporal context weakens the

robot’s ability to identify key moments that reveal human intent.

Our Approach

In contrast to the above baseline methods, our approach influences human actions
actively to reveal their goal and addresses the challenges faced by other methods.
We address the issue of overlapping action sequences faced by Bayesian Delegation
by guiding the human towards more actions that reduce the robot’s uncertainty about
the human’s true goal. This strategy reduces the impact of overlapping sequences
by incorporating generality in the cost function, which steers the human towards
taking distinguishing actions while also increasing the likelihood that, even if the

robot’s belief about the human’s goal is incorrect, the chosen action remains on policy,
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ensuring that the robot’s actions are robust to uncertainties in goal prediction.

Our approach addresses the issues faced by Information Gain Maximization by
incorporating similarity into our cost function. By doing this, we encourage the robot
to take actions that are likely to be relevant to the human’s goal, rather than the
action that maximally narrows down the belief distribution over the human’s goals,
regardless of whether the goal it is converging to is correct.

Finally, unlike Vanilla CDP, our approach considers the entire action history when
selecting new actions, which prevents us from taking implausible combinations of
actions, which are actions that are unlikely to be taken together in the context of the
policy bank P. Using our approach, the robot aims to steer the collaboration toward
taking actions that are unlikely to be detrimental to achieving the human’s goal or
significantly alter the robot’s belief over human’s goals. In effect, it enables humans
to take actions that reduce the robot’s uncertainty about its true goal earlier in the

interaction than vanilla CDP.

4.5 Scenario 2: Influencing the Human to Reveal

their Goal in a Competitive Human Robot

Task

4.5.1 Approach

In this scenario, we consider a different instantiation of the problem: a competitive
environment in which the robot seeks to infer the human’s goal under partial observ-
ability. Unlike the collaborative setting where the robot can condition its strategy on
the complete interaction history H, here the history may be unavailable or unreliable

due to limited sensing or occlusion. This changes the nature of the inference problem
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Algorithm 3 Scenario 2: Selecting Action at Timestep t to Influence Humans to
CDPs by expanding an RHP tree for Human-Robot Competition

Input: Goal set G = {g1,...,9n} with policy banks P, = {W;,...,?T;g}; Pre-computed
CDP set Scpp(9@); planning horizon Dpr; weights (A1, A2); robot action space A,
Output: Next seeker action a}
23 bo(g) «+ 1/|G|, t <+ 0
24 while hider not caught do
// 1) Sense current state

25 observe s; = (S, Sh, Sr)
// 2) Build depth-Dp tree
26 Alternate levels of

o Seeker branch: enumerate a, € A,

1
e Hider branch: sample aj, ~ 74(ay | s;) where wy(a | s) = A Zﬂ]g(a | s)
k

Store leaves £ with state s, and future sequence Fy
// 3) Score each leaf

27 foreach leaf ¢ generated under goal g do
28 CCDP (‘6) = minscrit €Scpp diSt(Sh,Ea Scrit)
29 Ctask(€> - Qask(sf)
1
30 Jr = M Gask () + X2 Copp (0) ——
bi(9)
31 end foreach
// 4) Execute best seeker move
32 0* = argming Jy; a! < first seeker action on path ¢*; execute a}

// 5) Observe hider and update belief

. _ 7glaf|se) bi(g)
33 observe a; biy1(g) = Dy o (aflse) bi(g) bettd

34 end while

— requiring the robot to reason from immediate state information alone and adapt
its strategy accordingly. However, this enables the robot to pre-compute CDPs if the
state space is not prohibitively large.

Alg. 3 summarizes our approach for a robot to influence a human towards Critical
Decision Points in a competitive task under partial observability. Similar to the
human-robot collaboration scenario described in Sec. 4.4.1, at a given time ¢, the
robot rolls out all possible future actions that can be taken by the human per the
policy bank P along with its own responses to the human’s possible actions. These

steps are repeated to grow the search tree to a certain horizon Dy. For every leaf
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node in the tree that results from the human acting according to a policy m;, the
robot computes a cost C that describes how good that specific future is based on
1) the distance between the projected human position at time ¢t + D and the closest

precomputed CDP (s..;;) as a measure of informativeness similar to Eq. 4.4.1,

. . 4D
divergence := Copp = dist(s), ", Serit)

and 2) other task-related costs that support the robot’s competitive objectives, like

the distance between the human and the robot:

1
bi(9)

C= (M+ MCepp )
task cost informativeness cost
where dist(sﬁp, Serit) 18 the shortest path between the human and the closest Critical
Decision Point D steps in the future when the human acts according to m; and the
robot takes corresponding actions. The informativeness cost Copp serves the same
function as CDP computation in the collaborative scenario, but is pre-computed
rather than being dynamically inferred. A;, Ao are weights to balance the task and
informativeness costs. The cost C is scaled by the likelihood of the human policy
bi(g), where b;(g) is the robot’s belief that the human’s hidden goal is g (updated
via the Bayes filter in Sec. 4.3.1 with the same marginal likelihood 7). such that
policies that are less likely will result in higher costs. Finally, the robot selects its
best response action a at time ¢ as the action that minimizes the cost function C
for all possible m; € P over the horizon Dy. This allows it to influence the human
toward Critical Decision Points, because the cost depends on where the human ends
up after Dy steps in the future.
Fig. 4.9 illustrates how our proposed approach works. The green and the blue
agents are playing a hide-and-seek game, where the green agent (the seeker) is trying

to influence the blue agent (the hider) to a Critical Decision Point (the red cell)
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using RHP to infer its policy and therefore catch it faster. The brick walls represent
obstacles. The green agent imagines all possible future actions, assuming the blue
agent follows a fixed policy, and selects the most optimal action in the next timestep
to lead to the most favorable outcome at horizon Dy = t4. The black arrow at t;
represents the underlying strategy. Both agents’ fields of view are restricted to all the
cells in the direction they face. At t5, when the blue agent detects the green agent, it
abandons its underlying strategy at t3 to perform an evasive maneuver, then resumes
its original path once out of the green’s field of view at t4. This allows the green agent
to observe the blue agent’s underlying policy at a critical decision point at t3 without
being observed, and ultimately catch it in ¢4. Note that the green arrow denotes the
optimal next action for the green agent. After rolling out all possible futures, the
green agent determines its optimal sequence of actions to be ay — a; — a1 (depicted
by the green bold arrows). Since the green agent performs RHP, it takes the first

action as from the sequence and constructs the tree from the next state.

4.5.2 Task and Experimental Setup

Task

We use the game of hide and seek as our experimental setup, as shown in Fig. 4.11.
The game allows the construction of arbitrarily complex environments, requires the
agents to take a large variety of environment-dependent strategies, and requires that
agents not communicate about their strategies [20]. Moreover, we believe it is a good
testbed to evaluate our approach in a partially observable, discretizable environment,
in a reasonably small state space, to showcase how CDPs can be pre-computed, and
how humans can be influenced by CDPs to reveal their strategies.

We developed the hide-and-seek task in a photo-realistic simulation and the real
world. In both settings, we embodied the agents with Turtlebot3 robots, so there is

no advantage due to the different agent morphology in the game. In other words,

117



Gi to l3 ta

ai 1
[
a1 hd ai Ej

: (i
o 4 )
] o L J @0 e
a2 an
3 = C ]
== = °
°® [
a
o a : ===
1 =
o
a3
._% :
| ®
Q,
. n .
Ay, =
Y

Figure 4.9: Example RHP tree rollout for influencing the robot in a competitive
hide and seek game: The green (seeker) and blue (hider) robots play hide-and-seek on
a grid with brick-wall obstacles. The seeker uses RHP to steer the hider toward a Critical
Decision Point (the red cell) so its next move will reveal its hidden strategy and speed
capture. At each timestep, it simulates the hider following fixed policies out to horizon
t, and chooses the action that best reduces goal uncertainty. At ¢;, both follow their
underlying plans (shown by the black arrow). When the hider spots the seeker at tg, it
detours evasively at t3, then resumes its original path at 4, landing exactly on the CDP
unobserved and allowing the seeker to infer its strategy and catch it. The rollout identifies
the optimal action sequence aa — a1 — aj (green arrows), and by RHP the seeker executes
the first move ay before replanning. See text for more details.
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Robot Seeker
Human Hider

Turtlebot robot

Figure 4.11: The robot seeker (S) influences the human hider (H) towards
a Critical Decision Point (CDP) in a hide-and-seek game: a), b) The human-
controlled hider sees the robot seeker on its way to its goal while following its high-level
strategy. c¢) The robot seeker actively influences the human-controlled hider to escape
towards a CDP (gray area). d) When the hider is at the CDP, the robot seeker optimizes
for not being seen by the hider. So, the hider continues to navigate toward its goal. The
robot seeker sees the hider take action toward its goal and identifies its strategy.
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when humans played the game, they did so by controlling the TurtleBot3 robot using
a joystick, and its perception and control abilities thus limited them. The robots
have a forward-facing camera, providing a first-person view of the environment. The
placement of objects in the environment and agents’ access to visual information
through their cameras make the hide-and-seek game partially observable for both
agents.

The photo-realistic simulation environments were created by modifying the So-
cial Environment for Autonomous Navigation (SEAN) 2.0 simulator [269] to support
multiple robots. In simulation, an autonomous agent assumes the role of the seeker,
while a simulated human controls the hider. In all experiments, both agents access
similar sensor data and have the same form factor. For real-world experiments, we set
up a lab environment similar to one of the simulated worlds. One of the researchers
controlled the hider robot, which had access to only the front-facing camera feed and

map of the environment, while the seeker robot made decisions autonomously.

Environments

We construct four environments in simulation, as shown in the top half of Fig. 4.10.
The first environment is a small-dense-room with several objects densely placed
in a small room. The second environment is a medium-dense-room with objects
spread across the map. The third is a large-sparse-room, which is sparse and has
the same objects as medium-dense-room but wider open spaces. The last one is
the crossroad environment, with four hallways emanating from a single crossroad
and distinct objects or environmental geometries at the end of the hallways. The

laboratory environment for physical experiments is similar to the small-dense-room.
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Policy Bank

We model the various strategies of the human-controlled hider using behavior trees
(62, 160]. Each behavior tree takes the hider to various hiding locations within a
given map, determined by the presence of particular objects in those locations or
locations with different environmental occlusions. If the hider were to spot the seeker
while navigating to a pre-defined location, the behavior tree would enable the hider to
perform a fixed evasive maneuver to escape the seeker’s field of view. Each behavior
tree was executed multiple times with different starting locations on the map for both
the hider and the seeker to collect a dataset of states and actions for each behavior
of the hider. To construct the hider’s policy bank, each policy was trained using
the state-action trajectories in the corresponding dataset with a Long Short-Term

Memory network [118] and behavioral cloning [1].

4.5.3 Implementation Details

The map of the shared environment was discretized into an n x n grid, and each map
cell was represented as a node in an undirected graph. Each node in the environment
graph would contain information about the center position of the cell, the objects
present in the cell, and a visibility score of that cell, computed from every other cell
in the map using ray casting in a raster grid. The state space Sy of the hider agent
was 6-dimensional, containing (z, Yp, O, s, Us, és), where xy, y, denoted the position
of the hider, 6; is their heading, %, 9, is the estimated position of the seeker by
the hider, and 6, was the estimated heading of the seeker by the hider. To obtain
the perceived position and heading of the hider, we first fine-tuned the Yolact [35]
real-time object detection model to predict a bounding box and a heading estimate
for a given robot when it is visible in the first-person view of another robot. Then,

based on the robot’s known physical size, the predicted bounding box in the image,

and the camera parameters, we use a pinhole camera model to estimate the relative
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node position of the hider w.r.t. the seeker. The action space of the seeker consists
of transitions to each adjacent cell from an inhabited cell, where diagonal transitions
are weighted proportionately in path computations.

To compute Critical Decision Points, we predict the actions the hider would take
per a given policy for every node in an environment, 7; € P, assuming that the hider
cannot see the seeker. This results in a map of Critical Decision Points, as shown in
the bottom half of Fig. 4.10. The map shows that the environments and the policy
bank created for the hide-and-seek task have afforded the existence of sparsely located
Critical Decision Points.

The seeker jointly optimizes to drive the hider toward the closest Critical Decision
Point (with § > 4 in Eq. 4.3.2) in a fixed radius around the hider’s current position
while minimizing its distance to the hider (Cy.s in eq. 34). Additionally, the seeker
optimizes for staying out of the hider’s field of view when it approaches a Critical
Decision Point using RHP.

Whenever the hider is visible, the seeker expands a tree of all possible future
actions it could take in response to a hider following a given policy up to a certain
horizon (Dy = 5). Concurrently, the seeker performs a Bayesian update on the belief
of the hider’s policies, given observations of the hider, to compute the likelihood
of each policy being executed from the policy bank. Finally, this belief is used to
evaluate the cost function for each branch in the tree. Fig. 4.9 shows an example of
tree expansion. Note that if the hider has been seen in the past 4 (Dy_1) timesteps
and is not currently visible, the seeker uses the stored action queue from the RHP
tree in anticipation of spotting the hider in the future if its belief over the policy
currently being followed by the hider is correct. Once no more stored actions are
in the queue, the autonomous seeker reverts to a default exploration strategy where
the seeker chooses an object on the map according to the policy it is following and

navigates toward it.
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4.5.4 Comparisons

We evaluate our method in simulation and demonstrate our approach in a real-world

environment.

Simulation

We measure the effectiveness of our approach by comparing the time it takes the

autonomous seeker to catch the human-controlled hider against two baselines:

1. Baseline 1: The seeker randomly explores the environment and performs a
Bayesian update of the belief over the hider’s policies whenever it is visible (per

eq. 4.3.1).

2. Baseline 2: The seeker uses RHP to optimize for minimizing its distance
between itself and the estimated position of the hider whenever it is visible

while computing the Bayesian update (per eq. 4.3.1).

3. Our Method: The seeker selects actions by expanding the RHP tree to drive
the hider towards the closest Critical Decision Point per eq. (34), and estimates

their strategy using the Bayesian update (per eq. 4.3.1).

For our simulated experiments, we assume that a simulated human controls the
hider and follows a randomly selected policy from the policy bank during an in-
teraction episode. Depending on the environment, the hider’s policy bank contains
between 6 and 8 policies. We run each experiment for 20 episodes or trials, each of
which ends when the seeker lands on the same node as the hider (indicating it has
caught the hider) or after 100 time steps. To compare our method’s performance with
the baselines, we compute the average number of time steps needed for the seeker to
catch the hider in each environment, aggregated along all ground truth policies from

the policy bank, followed by the human hider for all trials.
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Real World

We demonstrate the applicability of our method in the real-world environment (shown
in Fig. 4.11). We used Simultaneous Localization and Mapping (SLAM) 2 to generate
a map of the physical environment. Like the simulation environments, we discretized
the map into an n x n grid to create an undirected graph with the states as nodes
and valid actions from the states as edges. Depending on the size of the environment,
n varied between 7 and 15. Then, we developed the policy bank of the hider by
collecting trajectories of the robot moving between certain pre-defined locations of
the map using the behavior trees and generating policies with behavioral cloning. We
computed the Critical Decision Points for the real-world environment by computing
the divergence of actions at every cell in the discretized grid. One of the researchers
controlled the hider robot through velocity commands using a PlayStation controller
while following a given policy from the policy bank. The seeker robot selected actions
optimized for driving the opponent toward the Critical Decision Points following our

RHP-based approach.

4.5.5 Results

Simulation

Fig. 4.12 shows that our method outperformed the baselines across all four simulation
environments. When the seeker influenced the hider toward Critical Decision Points,
it caught the hider faster than when it randomly explored the map (Baseline 1) or
minimized its distance to the hider whenever the hider was visible (Baseline 2).
Qualitatively, we observed that with Baseline 1, when the seeker randomly tra-
versed the map and updated its belief of the hider’s policy with each sighting, the

seeker could not accurately estimate the hider’s strategy. In Baseline 2, when the

https://wiki.ros.org/gmapping
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Simulation Environments

Figure 4.12: Results of Competitive Evaluation: Mean and Standard error of
timesteps taken by the seeker to catch the hider for each experiment aggregated across
all hider policies for a given environment and number of trials (lower is better)

seeker used RHP to minimize its distance to the perceived position of the hider, it
frequently entered the hider’s field of view, making the hider trigger a fixed evasive
maneuver. The seeker’s estimate of the hider’s strategy then became inaccurate.
With our method, the seeker entered the hider’s field of view to trigger an evasion
and then exited it to observe the hider at the Critical Decision Point continue to its
original goal. It then selected actions to intercept the hider quickly once it learned

the hider’s strategy.
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Real World

We demonstrated our method on the real robot across five trials each for six policies,
as illustrated in Fig. 4.11. A researcher controlled the hider robot, with access to
only the map of the environment and the first-person view from the robot’s camera.
Our method took the seeker 27 £ 3 timesteps to catch the hider. Baselines 1 and 2
took the seeker 39 + 2 timesteps and 24 + 1 timesteps longer than our approach to

catch the hider, respectively.

4.5.6 Comparative Analysis of Performance of CDPs in the

Competitive Task

In this work, we developed a novel method for a robot to identify a human’s strategy
with limited observability of human actions. Assuming the robot has access to rea-
sonable policies a human might follow, the robot examines the actions these policies
predict at all states in the environment. Then, by observing humans at the states
where most policies diverge (which are CDPs), the robot can more quickly predict
which of the strategies the human is using in the environment. However, the number
and spatial distribution of CDPs depend on both the layout of the shared environment
and the range of plausible human strategies under consideration. In some environ-
ments, CDPs are abundant, and passive observation suffices. In others, they are rare,
and the robot must actively optimize its behavior to increase the chance of observing
the human at a CDP.

We demonstrated our approach in a game of hide-and-seek in simulation and the
real world, assuming that the human’s strategy remained unchanged throughout a
single game. Our results suggest that influencing a human-controlled hider toward
Critical Decision Points can help an autonomous robot infer the human’s strategy

more quickly in the game.
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4.6 Discussion

4.6.1 Applicability Across Diverse Task Settings

This work evaluates our method in two domains that represent opposite ends of sev-
eral key axes. The collaborative cooking domain is fully observable, features a large
state space, and involves a cooperative human partner who shares the robot’s objec-
tive. In contrast, the competitive navigation domain is partially observable, has a
relatively small state space, and models an adversarial human whose goal is inten-
tionally hidden from the robot. Despite these differences, our approach of leveraging
policy divergence to identify CDPs and influence humans toward those CDPs proves
effective for identifying the human’s goal in both settings. This highlights the flexibil-
ity of our framework, which does not assume a fixed interaction mode, observability
level, or environment size. As such, it may be adapted to domains that combine
properties along these axes, for example, semi-collaborative settings, mixed observ-
ability, or medium-sized domains, provided task-specific models and policy banks can

be defined.

4.6.2 Limitations and Future Work

We make some limiting assumptions about our experimental setup that may not apply
in the real world. We demonstrate our approach in a deterministic environment. We
assume that humans always act rationally, make no mistakes, and do not change the
task during the interaction. We also assume that the interaction is turn-based, with
neither agent able to take a “wait” action, and actions once taken by either agent
cannot be repeated in the collaborative case. Our approach also requires an explicit
policy bank, which may not be readily available in many real-world scenarios. It
assumes that the task can be represented in a discrete space. Future work will involve

relaxing these assumptions to support suboptimal human decision-making and more
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varied action execution.

4.7 Summary

In this chapter, we addressed goal ambiguity in interaction settings where the same
observed human behavior can be consistent with multiple possible human goals, mak-
ing passive observation insufficient for establishing shared understanding early in a
task. We introduced Critical Decision Points (CDPs) — states where compet-
ing goal-conditioned strategies prescribe different immediate actions, and formalized
them using a policy-divergence measure that quantifies how strongly goal hypotheses
disagree about the human’s next action. Building on this formulation, we proposed
optimizing a receding-horizon planner that trades off task progress with informa-
tion gain, selecting robot actions that steer the interaction toward highly informative
states without interrupting the task with explicit queries. Across evaluations in both
a collaborative, fully observable cooking task and a competitive, partially observable
hide-and-seek task, in simulation and on real robots, our approach inferred goals ear-
lier and more accurately than baselines. In collaboration, earlier clarification allowed
the robot to better align its actions with the human’s goal and reduce the number
of incorrect actions; in competition, influencing the human-controlled hider toward
CDPs enabled the seeker to catch the hider more quickly than baselines.

The work presented in this chapter assumes that the human’s goal remains sta-
tionary throughout an interaction. The next chapter addresses this gap by extending
our active approach to influence people to reveal their goals when their goals can
change as the interaction progresses. Our approach detects when a human partner
shifts objectives mid-task and efficiently identifies the new goal by selectively lever-
aging past information that remains relevant even when the human’s goals change,

and demonstrates its effectiveness in a collaborative cooking task.
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Chapter 5

Active Inference of Shifting Goals

during Human-Robot

Collaboration!

The previous chapter showed how a robot can reduce goal ambiguity by planning
its actions to guide an interaction toward states that make different possible human
goals easier to distinguish, assuming the human’s goal remains fixed throughout the
interaction. In this chapter, we study a more realistic setting in which a human may
change goals mid-task, creating two challenges for the robot — detecting when a goal
switch has occurred, and rapidly realigning to the updated goal to provide adequate
support to the human without requiring explicit communication [87]. We introduce
an approach for goal change detection that reasons about when observed behavior
becomes inconsistent with the robot’s current goal hypothesis. Following detection,
the robot revises its goal belief by retaining only the subset of past observations that

remain informative under the new possible goals, rather than treating the full inter-

'Portions of this chapter were published as:  Ghose, D.*, Gitelson, O.%, Jin, R., Abawe, G.,
Vizquez, M., & Scassellati, B. (2025, November). I've Changed My Mind: Robots Adapting to
Changing Human Goals during Collaboration. Robotics and Automation Letters (RA-L). *equal
contribution [87]
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action history as equally relevant. The robot then executes Differentiating Actions —
supportive actions chosen to both advance the task and elicit behavior that efficiently
confirms the updated goal, allowing it to recover shared understanding faster than

approaches that assume goals are stationary.

5.1 Introduction

In real-world scenarios, humans often change their goals in response to evolving cir-
cumstances, new information, or spontaneous decisions. Previous work often ad-
dresses changing human goals by relying on explicit communication [216, 171, 38].
While effective, relying on communication assumes humans can and will communicate
with the robot, which is often impractical due to physical, situational, or cognitive
constraints [130, 93, 166, 86, 3]. Moreover, in complex tasks, humans may struggle
to articulate their goals clearly, leading to misinterpretation. On a busy construc-
tion site, for example, a mason and a robot may start with a brick-laying task, the
robot assisting by mixing cement and bringing sand, water, and buckets. When a
sudden rainstorm halts exterior work, the crew pivots indoors to install drywall pan-
els instead. The materials the robot has already delivered remain useful for rinsing
tools and cleaning surfaces, but mixing additional mortar and staging bricks is now
counter-productive. Because the noise of heavy machinery and hearing protection
prevents verbal updates, the mason cannot notify the robot; only by observing that
the worker now reaches for drywall screws rather than bricks can the robot infer the
new objective and adapt. Such goal changes are challenging for robots, especially
when there is an overlap in the sequence of actions required to achieve different goals.
Without explicitly modeling these goal changes, the robot cannot understand the up-
dated goal effectively or determine which past actions should be retained as relevant

context.
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The human is probably not
using Chocolate and Spinach
in the same recipe

Have they changed their
mind about making a

CHOCOLATE
SPINACH .'

Figure 5.1: Robot reasoning if the person has changed their mind about making the salad,
after observing that the person has picked chocolate.

To that end, we propose a method to explicitly model goal changes without relying
on explicit communication. Our approach identifies when likely goal changes occur
by tracking multiple candidate action sequences from the history of the collaboration
and verifying their plausibility against a policy bank. Once a goal change is detected,
the robot refines the set of plausible past actions and constructs Receding Horizon
Planning (RHP) trees (similar to Chapter 4) for each sequence, performing actions
that assist the human while encouraging them to take Differentiating Actions, which
are actions that reveal crucial information about their updated goal.

We evaluate our approach in a collaborative cooking environment (as shown in Fig.
5.1 and described in Chapter 4), both in simulation and on a physical robot. Cooking
provides a structured yet realistic setting where goal changes are easily observable. A

human and a robot can cook up to 30 unique recipes in our setup. Our primary point
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of comparison is the Recursive Bayesian [137] approach that passively models likely
goal changes based on observation of human actions. We dynamically manage the
relevance of past actions while taking an active approach to human goal prediction,
which allows us to outperform the Recursive Bayesian approach across three plausible
types of human behavior. Additionally, to illustrate the importance of explicitly
modeling goal switches and highlight the magnitude of performance improvement
that considering goal switches enables, we benchmark these approaches against two
active goal prediction techniques designed for cases where human goals are static: 1)
Critical Decision Points (CDP)[92], where a robot actively selects actions to support
human goals while influencing them to reveal critical information about their goal as
described in Chapter 4, and 2) Information Gain Mazimization [230], where a robot
actively maximizes its information gain about a human’s goal at every state without

necessarily helping them achieve it.

5.2 Related Work

In human-robot collaboration, a significant body of work focuses on robots inferring
human goals by observing human actions and inferring their intent (for a survey, refer
to [121] and Chapter 2). Most of this work assumes that human intent remains con-
sistent throughout the collaboration [193, 93, 48, 121, 92, 157, 109, 204, 86, 215, 29].
This assumption does not hold in the real world, as humans can change their minds
spontaneously and frequently in response to evolving circumstances and new infor-

mation. Recent methods for handling changing human goals fall into two categories:

5.2.1 Passive Goal Inference

Passive approaches rely solely on observing human actions to infer goals [10]. Jain

and Argall [137] use recursive Bayesian filters to update goal beliefs, while Murata
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et al. [183] use gradient descent for dynamic goal adjustments. Both rely on short
action histories, making them unsuitable for tasks with overlapping actions. For
example, chopping vegetables applies to both a salad and a stew, and these methods
lack mechanisms to determine which past actions remain relevant after a goal change.

Hiramatsu et al. [117] improve on these by explicitly modeling goal transitions.

5.2.2 Active Human Influence

Active approaches aim to influence humans to modify their goals, particularly under
uncertainty. Pandya et al. [204] use reach-avoid dynamic games to guide humans
toward safer goals, while Pandya et al. [205] extend this line of work by influencing
humans to adopt more precise goals. These methods assume humans are uncertain
and receptive to influence [249], which is impractical when humans are confident in
their objectives. Moreover, they neglect the action history before the goal change and
do not explicitly model goal changes, limiting their utility in tasks with overlapping
actions or abrupt changes.

Existing methods for goal inference are limited in handling goal changes. Passive
approaches struggle with abrupt changes or overlapping tasks because they rely on
incremental updates and short-term action histories. Active approaches fail to address
scenarios where humans are certain about their goals and cannot dynamically manage
action relevance, either retaining all past actions, causing confusion, or discarding
history entirely, losing valuable context.

To address these limitations, we explicitly model goal changes by identifying their
precise timing and dynamically managing the relevance of past actions. We introduce
Differentiating Actions, key actions that clarify human intent after a goal change. Us-
ing Receding Horizon Planning (RHP) [172], we guide humans to reveal updated goals
without relying on explicit communication, enabling robust adaptation to complex,

real-world collaborative tasks. To validate our approach in a collaborative cooking
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task, we benchmarked it against several goal-prediction methods.

5.3 Method

We present an algorithm that lets a robot both predict and assist a human partner
whose intentions may change mid-task. Consider urban way-finding: a guide robot
escorts a pedestrian whose destination is unknown. At each major intersection, the
pedestrian’s selected street eliminates most remaining destinations; we call such piv-
otal turns Differentiating Actions. The robot plans its trajectory to influence the
human to these informative intersections while staying on routes that best serve the
currently most probable destination. Suppose the pedestrian deviates, for example,
by turning toward an unexpected café. In that case, the robot interprets this as a
goal switch, updates its belief about possible destinations, and adjusts its assistance

accordingly.

5.3.1 Preliminaries

The environment’s state is represented as s, with a shared action space A. The
state and the action spaces are fully observable to both the human and robot at
all times. The action space contains high-level actions (e.g., in a cooking task, the
action space can include boiling water, chopping vegetables, etc.). Both agents have
access to a shared action history H%*~! up to (but not including) the current time
step, and a complete goal bank G, listing all possible human task goals. We also
keep track of the individual action histories of the human and the robot, H{*! and
H2~1. Additionally, the robot has a policy bank P, which contains many (but not
all) potential policies to achieve the goals in G. Each policy (7 € P) maps states to
actions to progress toward completing a task (e.g., a recipe within a cooking task) for

a given goal. We can derive a bi-directional mapping from the policy bank specifying
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which actions help accomplish which goals. We assume actions cannot be repeated
in an interaction, and collaboration occurs in a turn-taking manner.

The robot aims to reduce uncertainty about a human’s current goal and perform
actions that support it. At each timestep, the robot infers g,,.q, a probability dis-
tribution over the human’s possible goals, and at alternate timesteps, selects a robot

action a,..

5.3.2 Active Selection of Robot Actions to Reveal Human

Goals

Like prior work on active goal inference [92, 230], our robot acts to reduce its uncer-
tainty about the human’s goal. It does so by selecting actions that steer the partner
to perform Differentiating Actions — human actions that are informative because they
advance only a small subset of feasible goals. Actions that aid nearly every remaining
goal, or none of them, reveal little; actions that help just a few narrow the robot’s
belief and accelerate correct identification of the human’s goals early in the interac-
tion.

Building on Chapter 4, we formulate the problem of the robot influencing the
human to take Differentiating Actions as a discrete-time planning problem, which we

solve using Receding-Horizon Planning (RHP) [172].

Expanding the RHP Tree

The robot expands an RHP tree to reason about how its future actions could influence
the human’s subsequent actions, considering the past actions taken by the human.
The RHP tree is rooted in the history of past actions taken by the human H)' .
Each branch of the tree represents a sequence of potential actions that both agents

can take from the root node in a turn-taking manner.
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Choosing Robot Actions

The robot selects differentiating actions using attractor fields — a concept initially
developed for motion planning [147]. The core idea is that certain states (e.g., areas
in a map for motion planning) exert attractive or repulsive forces that influence
an agent’s decision. Attractive forces pull the agent toward desirable states (e.g.,
navigating to a goal), while repulsive forces push it away from undesirable states
(e.g., avoiding obstacles).

Based on Jain and Argall [137], we adapt this concept from physical space to
action space, where certain actions exert an attractive or repulsive force depending
on whether they align with a human’s goals. We model each goal as such an attractor
field over the action space. Intuitively, an attractor field over actions represents which
actions are relevant for its corresponding goal. Mathematically, in an action space
with n possible actions, a uniform attractor field for a given goal g is represented as
{0, 1}", where position 7 is 1 if action ¢ supports g and 0 otherwise. If attractor fields
are summed element-wise over a given set of goals, an action will be more attractive
if it is relevant to more goals and less attractive if it helps accomplish fewer goals.
Crucially, attractor field values are strictly non-negative in our formulation of this
concept.

In the context of attractor fields, a differentiating action possesses low, non-zero
attraction. Actions with zero attraction are irrelevant to any goals under consideration
and should be avoided by both the robot and the human. Conversely, if an action is
very attractive, it pertains to numerous goals, making it hard for the robot to identify
the human’s specific goal if such an action is taken by the human.

We define the plausible goals for the history of human actions ’H?{t_l as the set
of goals for which every action in H}*~! helps accomplish every goal. Intuitively, by
aggregating attractor fields across all plausible goals, we effectively create a measure

of how helpful each action will be on average, given the action history. This allows the
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robot to identify and perform actions that are supportive for many plausible goals. As
actions cannot be repeated, the robot taking many broadly helpful actions effectively
steers the human to take actions that are supportive of fewer goals, which reveals
more information about their actual goal.

For H}"*~!, we compute the summed attractor field over its plausible goals similar
to [137], referred to as attractor__field. The initial cost at the root node (d = 0) of

a branch b for an RHP tree is then calculated as:

branch__costs[b,0] = —1 - attractor__field[b[0]],

where b[0] is the first action on branch b. As the tree expands, the cost of each branch
is progressively updated at increasing depths d by subtracting the attractor_ field

value for b[d], the action at depth d using:

branch_ costs[b, d] = branch_ costs[b,d — 1]—

attractor__field[b[d]]

Notably, the cost is calculated only at timesteps when the robot would act. If the
cost were updated on human timesteps, it would steer the robot towards influencing
the human to take high-attraction actions, which would not be differentiating. Con-
versely, including robot timesteps influences high-attraction actions that are likely to
be relevant (satisfying the action-to-goal mapping from P), regardless of the human’s
goal. Also, we only update the cost for a branch if it was one of the lowest-cost
branches at the previous depth, to prevent the robot from performing an irrelevant

action earlier in favor of a potentially relevant future action.
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5.3.3 Identifying Likely Human Goal Changes

Assume the human starts by following a policy 71, which maps states to actions
to achieve the goal g,;. At some point in the interaction, the human might decide
to switch to a different goal g2, adopting a new policy 72, where both g1 and gy

belong to the goal bank G.

Tracking Candidate Human Action Sequences

Since the human’s goal may change at any time, the robot does not assume that
every past action remains relevant to the current goal. Instead, the robot tracks
candidate human action sequences, denoted as C,. These sequences are drawn from
the complete history of human actions, represented as: H)' ! = (aﬁ?’, af), cee aﬁfﬁl))
where each agf) represents an action taken by the human at timestep i. Each candidate
sequence c;, € Cj, is a subset of actions in Hj)' ', meaning it consists of only some
of the human’s past actions. These sequences represent possible actions that might
still be relevant to the human’s current most likely goal. The candidate sequences
are chosen so that all actions can be taken while pursuing the given goal. Because
different goals may require different subsets of actions, and the robot is uncertain
about the human’s true goal, the robot needs to track multiple candidate sequences
simultaneously. Each sequence reflects a different hypothesis about which actions still

matter. Whenever the human takes a new action ag), the robot updates all candidate

sequences by adding this action to each of them.

Detecting a Goal Change

To determine whether the human has changed their goal, the robot checks whether
the observed human actions still align with any goal reachable by following a policy
in the policy bank P. For each candidate action sequence ¢, € Cj, the robot verifies

whether it is plausible that a human following a given policy from P could have
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taken those actions. This means checking if there exists a policy in P that could have
generated the observed sequence or any of the permutations of actions in the observed
sequence for that given goal. If at least one candidate sequence matches a policy in
P, the robot assumes the human is still following the given goal from the previous
timestep. If all sequences become implausible, it suggests the human’s actions may
no longer align with any goals in the goal bank G, indicating a likely change to a
different goal. In other words, if no tracked subset of human actions (Cp,) is consistent
with any goal, the robot infers a goal switch; if at least one subset remains consistent
with one goal, it cannot be sure a switch occurred. Here, we define a sequence as
consistent if there is a policy m € P such that the observed sequence is a subsequence

of .

5.3.4 Robot Aligning Actions with Updated Goals

Once a goal change is detected (as described in Sec. 5.3.3, Fig. 5.2, Step 1), the
robot must reassess which past actions are still relevant and determine the best way

to assist the human while reducing uncertainty about the new goal.

Filtering Relevant Human Actions

The robot aims to identify past actions relevant to the human’s likely new goal. A
goal change may render some previous actions useless, prompting the robot to clear
its list of relevant robot actions (H%*') and find subsets of human actions likely
to contribute to the new goal. However, simply considering all possible subsets of
past human actions could be computationally intractable, as the number of possible
sequences grows exponentially with the number of actions taken. The robot ranks
actions a&f) € HY'! based on Generality. Generality measures how commonly an

action appears across different goals in the policy bank P. More general actions (i.e.,

those that occur in many policies) are more likely to be relevant, even after a goal
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shift. We progressively eliminate the least general action in an action sequence from
HY"! This effectively leads the robot to perform a ranking and enumeration over
all possible subsets of human actions, prioritizing longer subsets composed of more
general actions. When the robot encounters a subset of actions that could have all
been taken while following the same goal, the robot selects this subset, appends the
latest human action to it (Fig. 5.2, Steps 2 and 3), and adds it to Cj,. The exploration
continues until C, reaches length j (or till there are no more subsets to explore). j is

a hyperparameter specifying how many candidate sequences to track.

Expanding RHP Trees for Each Plausible Action Sequence

Since there can be multiple plausible action sequences (Cj), the robot cannot assume
any one sequence is correct since it is uncertain about the human’s goal. Instead,
it considers multiple plausible interaction histories (¢, € Cp,) and evaluates potential
robot actions under each hypothesis. To do this, the robot constructs an RHP tree for
each sequence ¢y, (following the procedure described in Sec. 5.3.2). Each tree begins
at a root node representing one of the plausible candidate sequences ¢, and expands
by simulating future actions for the human and the robot (Fig. 5.2, Step 4).

To decide which action to take that minimizes uncertainty over a human’s goals,
the robot computes a cost for each branch in every tree, using the attractor field-
based cost function from Eqs. 5.3.2 and 5.3.2 (Fig. 5.2, Step 5). As explained in
Sec. 5.3.2, this cost function aims to steer the human to take differentiating actions
early in the interaction. The cost update rule from Eq. 5.3.2 is applied only if the
branch b had the minimum cost at the previous depth d — 1. This prevents the robot
from prioritizing branches with suboptimal early actions in favor of better actions
later, as the belief in the human’s goal may shift before reaching those later actions.
Finally, once the RHP tree is expanded for all plausible action sequences C, the

branch with the minimum cost summed across all RHP trees is selected. If the same
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action sequence occurs in multiple trees, we sum their costs, because they are more
likely to be relevant regardless of which candidate action sequence supports the true
human goal. The robot then takes the first action in that branch and reconstructs

the trees after each human response.

5.4 Evaluation

As described in Chapter 4, collaborative cooking scenarios are a standard benchmark
for human-robot collaboration algorithms [38, 45, 277, 99]. These tasks often involve
overlapping goals, for example, preparing a smoothie or a parfait shares actions like
chopping fruits or fetching yogurt, and mirror real-world situations where humans
frequently change goals mid-task [38]. This makes cooking scenarios ideal for evalu-
ating our approach via simulation and physical setups. For such evaluation, we use
30 unique recipes, each of which can serve as the initial goal. After the switch, the
human could adopt any of the remaining 29 recipes as the new goal (we disallow
“switching” to the same recipe). Thus, for every first-goal choice there are 29 distinct

second-goal options, giving 30 x 29 = 870 pairs of (first goal, second goal).

5.4.1 Task and Problem Representation

We assume that both the human and the robot can perform any step necessary to
prepare a recipe and each step takes the same amount of time, regardless of the task or
who performs it. We also assume a deterministic environment with a fully observable
state space. Our experimental setup features a robot and a user in a simplified kitchen
environment (Fig. 5.1). The kitchen includes a blender, a sink with water, a pan,
a stove, a serving bowl, a glass, a serving spoon, an eating spoon, a measuring cup,
and a storage shelf containing the necessary ingredients. Ingredients are considered

non-depletable, meaning a single ingredient can be used in multiple containers. Meals
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Figure 5.2: Steps to Select Robot Action after Goal Change Detection 1. Detect
Goal Change if the actions taken during the collaboration don’t match any sequences in
P. 2. Create potential action sequences by concatenating the action at which the goal
change was detected with past actions sorted by increasing generality scores. 3. Check if
the potential action sequences are plausible. 4. For all plausible action sequences, expand
the RHP trees. 5. Compute attractor field cost and select an optimal next robot action.
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in the experiment could be one of six types: Pasta, Stew, Salad, Oatmeal, Smoothie,
or Parfait.

The robot’s state and action space are defined using the Planning Domain Def-
inition Language (PDDL) [4]. We used the PDDLgym library [243] to update the
environment’s state based on actions taken by both the human and the robot. Both

the human and the robot could perform the following actions:

A ={get(i),pour(i,d), mix(i), cook(i),blend (i), turn_on(a),

collect_water(d),reduce_heat(a),serve()}

where ¢ is an ingredient, d is a dish such as a bowl, glass, or pan, and a is an
appliance. The state space is represented as a set of PDDL literals, with each literal
denoting a specific environment feature, like an ingredient’s location (workspace or
storage), the state of a container or appliance (e.g., whether the stove is on or off),
or the status of a meal (e.g., blended or cooked). Such symbolic abstractions are
standard in planning and reasoning [37], as they allow tractable inference over long-
horizon tasks. In our cooking experiments, the human verbalizes each action, which
we map to the appropriate discrete symbol in the policy bank using fuzzy match-
ing. Other non-intrusive mappings are equally feasible, such as visually detecting
state changes (e.g., an ingredient placed in the workspace) or using human action

recognition models.

5.4.2 Experiments

In our experiments, the goal for both the human and the robot is to work collab-
oratively on a combination of two recipes. By combination, we refer to a setup in
which the human could start making one recipe and, partway through the interaction,

change to another recipe that they complete. In our experiments, only humans know
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their current goal, and the robot must infer their goal by observing their actions.
We model our simulated human using Clique/Chain Hierarchical Task Networks
(CC-HTNs) [114], which can represent both actions that must be performed in se-
quence and those that can be executed in any order. This makes CC-HTNs ideal for
modeling recipes. Each recipe is represented by its own CC-HTN, which the simu-
lated human uses to select actions. We assume that the human always takes the first
action, alternating with the robot thereafter. We evaluate our method using three

human models:

1. Human with Fixed Goal: The human follows a single, unchanging goal through-
out the interaction (common assumption on human behavior used in literature [92,

199]).

2. Optimal Human with Goal Changes: The human may change their goal
randomly at any point during the interaction. All actions taken by the human are
optimal and correctly aligned with their current goal (a common paradigm used in

literature [137, 204])

3. Suboptimal Human with Goal Changes: The human may also change their
goal randomly during the interaction. However, the human’s actions may include
mistakes, where the probability of making mistakes at any step is p = 0.1. This mode
of behavior is studied in [46, 126, 155].

To manage computational constraints and conduct controlled experiments, we
ensure human models 2 and 3 experience only one goal change after a certain number
of steps by fixing the goal post-change. This restriction to a single switch is not
a requirement of our method, but an experimental control to ensure comparability

across trials.
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Figure 5.3: Comparison of performance measures for the proposed method, CDP [92], In-
formation Gain Maximization [230], and Recursive Bayesian [137] in a collaborative cooking
simulation. Metrics include (a) first correct guess after a goal switch, (b) last incorrect guess,
(c¢) number of mistakes, and (d) percentage of correct guesses. Results are shown for three
simulated human types: stubborn (no goal change), optimal (stochastic goal updates), and
suboptimal (stochastic updates with mistakes). In the stubborn condition, all four methods
are compared; in the other two conditions, our method is directly compared with Recursive
Bayesian, while the red and blue lines indicate the empirical performance bounds provided
by CDP and Information Gain Maximization, respectively.
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5.4.3 Implementation Details
Approximating the Belief Distribution

Our policy bank P includes various permutations of action sequences for preparing
each goal meal in the goal bank G. Since many recipe steps can be performed in
different orders, the number of possible sequences is prohibitively large, making exact
computation of the goal distribution infeasible. Instead, we approximate this dis-
tribution with a machine learning model. Specifically, we trained a Random Forest
classifier on 300,000 sampled sequences (10,000 per recipe across 30 recipes), where
each sequence was encoded as a binary presence vector over the action space. The
classifier used 200 trees and standard regularization (minimum two samples per leaf,
minimum ten samples to split an internal node), yielding 86.8% accuracy on a held-
out 20% test set. We also experimented with a transformer-based sequence model,
which performed comparably but incurred significantly higher latency. Given the
real-time demands of our setting, we selected the Random Forest for tractability.

Our approach, however, is agnostic to the choice of classifier.

Pruning the RHP Tree

Due to the large number of valid actions at each state, expanding our full RHP tree
to arbitrary depth is computationally prohibitive. We prune the tree by computing
the probability of each action based on its preceding sequence using an offline 2-gram
approach, which counts how often an action follows a given past action. We then
restrict expansion to the b = 5 most likely actions (branching factor), allowing the
tree to reach a depth of d = 3. To construct candidate human action sequences (Sec.
5.3.4), we set j = 3, which specifies the number of candidate sequences tracked. When
an action sequence is absent from the n-gram dataset due to the combinatorial growth

of unique sequences, we rely on the belief distribution from our random forest model
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to select branches leading to the most probable goals. In the worst case, expansion of
the RHP tree grows as O(j x b%). With these pruning parameters (b = 5,d = 3, j = 3),
runtimes remain tractable, requiring 2-5 seconds per robot action on an NVIDIA RTX

4090.

5.4.4 Comparisons

To benchmark our approach, we implemented three algorithms in simulation by
adapting their original implementations to the collaborative cooking task. Our pri-
mary point of comparison is Recursive Bayesian [137], designed to handle changing
human goals. Additionally, we benchmarked two active goal detection algorithms,
Critical Decision Points [92] (as described in Chapter 4) and Information Gain Maxi-
mization [230], known to perform well for static goals but not for dynamic ones. This
comparison establishes empirical performance bounds for our method and Recursive
Bayesian, highlighting the value of designing algorithms that explicitly model goal

changes.

Recursive Bayesian

The Recursive Bayesian algorithm [137] employs Bayesian filtering and a Hidden
Markov Model (HMM) to compute goal probabilities. The method assumes that
humans can change their goals stochastically during interactions while still taking
optimal actions. For a given goal g, it calculates the likelihood of the most recent
action under g and multiplies it by the HMM state probability, >, |cq P(9¢/gi-1) -
b(gi—1). For action selection, actions are modeled as attractor-repeller fields; an action
a attracts g if it aids in achieving g, and repels otherwise. They represent a as a vector
with an entry of 1 for an attractor and -1 for a repeller for each goal. Fields are
generated from the most recent human action and candidate robot actions, and the

robot selects the action most similar to the human action based on cosine similarity.
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This differs from our approach, as they construct attractor fields per-action, whereas
we construct an attractor field for each goal. Additionally, we directly use attractor
field values for action selection, whereas they use them to compute similarity between

the potential next robot actions and the most recent human action.

Critical Decision Points

As described in Chapter 4, in the Critical Decision Points (CDP) approach [92], the
robot identifies states where observing human actions yields insight into their goals,
treating each state independently and ignoring temporal dependencies. It evaluates
the information gained in each state and selects actions to influence humans to reach
that state by expanding an RHP tree. The robot observes the human’s response and
updates its belief about its goal by executing the first action that minimizes the cost.
It then lets the human respond with a valid HTN action, expands the tree from the

new state, and iteratively updates its goal probabilities.

Information Gain Maximization

The Information Gain Maximization approach [230] enables a robot to explore a
human’s internal state by planning actions that maximize expected information gain.
We adapt this by expanding an RHP tree to depth 3, where the robot optimizes a cost
function with two terms: one maximizing the magnitude of entropy loss between the
root and leaf nodes to reduce ambiguity, and the other rewarding actions aligned with
the most likely goal while penalizing deviations. Goal probabilities are computed as
detailed in Sec. 5.4.3 and the RHP tree is expanded for the combined cost as explained

for Critical Decision Points.
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5.4.5 Performance Measures

We compare the performance of our method against the baselines for our proposed

task using the following measures.

1. First Correct Guess After Switch: The number of timesteps taken to cor-
rectly identify the human’s goal after a goal change (irrelevant to the stubborn

human model).

2. Last Incorrect Guess: Percentage of the interaction that had elapsed when
the robot incorrectly guessed the human’s goal for the last time. While this
measure considers both goals for human models 2 and 3, the last incorrect

guess almost always occurs during the second goal.

3. Number of mistakes: The total extra steps taken by both agents to finish

the interaction, compared to the ground-truth steps from the respective HTN.

4. Percentage of Correct Guesses: Percentage of timesteps when the robot

correctly identifies the human’s goals.

5.5 Results

5.5.1 Simulation

Fig. 5.3 quantitatively compares our proposed method with three baseline approaches
across several key measures and three human models in the simulated collaborative
cooking task (as described in Sec. 5.4). Mean and standard errors were calculated
across 870 recipe combinations and averaged over three trials. For clarity, we don’t
report standard error bars for the empirical performance bounds. When the human

makes no mistakes, the recipe combinations had an average length of 28.7 steps.
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Fig. 5.3 a) demonstrates that our approach accurately identifies the human’s
goal relatively quickly after detecting a goal switch, especially when compared to
other algorithms across both relevant human models. However, this metric can be
somewhat noisy, as all methods might occasionally predict the correct goal by chance
after a goal switch without resolving uncertainty about the goal.

Therefore, we compute the last incorrect guess metric, as it marks the point in the
interaction where the robot no longer makes erroneous predictions about the human’s
goal. Fig. 5.3 b) shows that our approach and Recursive Bayesian approach generally
achieve this around the midpoint of the sequence when the human does not switch
goals earlier than the other two baselines. However, our approach outperforms all
baselines when the human switches goals stochastically. This shows that our method
can resolve uncertainty about the human’s goals faster than other algorithms, leading
to a higher percentage of correct guesses, as shown by Fig. 5.3 d) when the human
switches goals stochastically.

Fig. 5.3 ¢) shows the total extra steps to complete the collaboration. If the
robot performs every action incorrectly, the interaction could take twice as long,
as the human would need to perform every correct step towards task completion.
Conversely, if the robot correctly assists the human, the task can be completed in
28.7 steps, the average length of a ground truth sequence. The number of extra steps
in our approach is minimal across all three human models, showing that our approach

can help maximize collaboration efficiency.

5.5.2 Physical Robot

We conducted a proof-of-concept study using a real robot and a human collaborator
(one of the researchers) to compare our method with Recursive Bayesian [137] in a
collaborative cooking task (Fig. 5.4). For each robot step, we checked whether the

correct recipe goal appeared among the top three predictions. To ensure fairness,
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Goal 1: Berry Smoothie Goal 2: Fruit Parfait

Recursive Bayesian Our Approach
Action Ground Truth Top-3 Goal Action Ground Truth Top-3 Goal
Sequence Human Goal Predictions Sequence Human Goal Predictions
™ 1. GetCup ™ 1. GetCup
¥ 2. Collect Water D.E i 2. Collect Water DDD
M 3. Get Blueberry ™ 3. GetBlueberry
%° 4. Get Strawberry B ¢ 4. Get Strawberry N N
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%° 6. Pour Water into Blender .ED ¢ 6. GetGlass .DD
™ 7. Get Yogurt ™ 7. GetSugar
i 8. GetGlass 4 [ [ 1 8. Get Yogurt v .DD
™ 9. Pour Yogurt into Glass Goal 2 ™ 9. Pour Yogurt into Glass Goal 2
%° 10. Pour Blueberries into Glass .rm ¢ 10. Get Oatmeal .DD
™ 11. Get Oatmeal ™ 11. Pour Strawberries into Glass
%° 12. Pour Oatmeal into Glass [ $¢ 12.Pour Oatmeal into Glass B
™ 13. Get Sugar ™ 13. Pour Blueberries into Glass
% 14. Pour Yogurt into Blender H B $¢ 14. Pour Sugar into Glass | [
M 15. Pour Sugar into Glass ; 15. Get Eating Spoon A 4
%° 16. Pour Strawberries into Glass B
M 17. Get Eating Spoon v

Figure 5.4: Results of the Case Study with the Physical Robot running Recursive Bayesian
[137] and Our Proposed Algorithm: A group of columns represent the method. For each
group, the first column depicts the agent taking action, the second column depicts the
action sequences taken by the respective method, the third column denotes the ground
truth human goal, and the fourth column the presence and position of the current ground
truth goal recipe in the top-3 most probable recipes from the goal prediction model (left-
most being the most probable recipe).

the human performed the same initial actions in both methods and changed goals
at the same timestep by taking an identical revealing action without mistakes. In
the study, the human initially planned a Berry Smoothie but switched to a Fruit
Parfait. In our approach, after berries were fetched and the blender was switched
on, the robot supported the initial goal by fetching yogurt and a glass, then quickly
detected the switch when the human added yogurt to the glass instead of the blender,

and subsequently assisted by fetching oatmeal and adding fruits. Recursive Bayesian

correctly identified the initial goal but struggled to update after the change until the
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final step.

5.6 Discussion

Our approach relaxes many prior assumptions to reflect real-world human-robot col-
laboration better. A large body of research work assumes fixed human goals [121],
optimal human behavior [86], and non-overlapping actions between goals [292]. In
contrast, our approach can handle changing human goals, suboptimal actions, and
many overlapping actions between different goals. We achieve this by explicitly mod-
eling when a goal shift occurs by tracking multiple different sets of actions that can
be plausibly taken towards a given goal. Our approach expands multiple RHP trees
to track potential futures for all plausible sequences simultaneously by utilizing our
novel attractor-field-based cost function, which models the relevance of future actions
related to past human actions. This effectively selects actions that reduce the robot’s
uncertainty about the human’s goals while concurrently supporting them in achieving
the most likely outcomes, regardless of whether the human acts optimally.

Two of our baselines, CDP [92], and Information Gain Maximization [230], struggle
with dynamic goal changes despite actively influencing the humans to reveal their
goals as evident in our results (Fig. 5.3). They determine the most likely goal
at each timestep based solely on current observations, ignoring how human actions
evolve, often missing goal changes. Therefore, we don’t use these methods as a direct
comparison to our work, but instead to serve as empirical performance bounds for
our method. On the contrary, Recursive Bayesian [137] captures the progression of
actions under changing goals but relies on a short action history. This works well
when the human’s goals remain unchanged, but it overlooks valuable context that
could help the robot track past relevant human actions. Moreover, this approach

relies on passive observation of human behavior instead of actively influencing human
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behavior to help the robot reduce uncertainty over human goals. While this is not
a fundamental limitation of Bayesian inference, it means that Bayesian approaches
must wait for distinguishing actions to occur naturally, which can take significantly
longer. Our method differs by enabling the robot to take differentiating actions early,
actively disambiguating overlapping goals and thereby accelerating recognition after
a change (see Fig. 5.3a)).

We acknowledge several limiting assumptions that may not apply in the real world.
Our approach requires an explicit goal and policy bank, assumes tasks are represented
in a discrete space, and uses a turn-based interaction model where neither agent can
“wait” and actions, once taken, cannot be repeated. Future work will relax these

constraints to enable human goal prediction without a predefined goal bank.

5.7 Summary

In this chapter, we addressed interaction settings in which a human’s goal is non-
stationary, i.e., settings in which the human can shift objectives as the task unfolds.
We presented a unified approach that (i) detects goal changes by identifying when
the human’s observed behavior becomes inconsistent with the robot’s current goal
hypothesis, and (ii) supports rapid re-alignment by updating the robot’s goal belief
[87]. Our method selectively retains past observations that remain informative in the
new context to seed a revised belief over goals. To efficiently validate and refine this
revised belief during execution, we introduced Differentiating Actions — robot actions
chosen to simultaneously make progress on the task and elicit human behavior that
separates remaining goal hypotheses. Across our evaluations in a simulated and real
robot collaborative cooking task, this approach enabled the robot to recover shared
understanding more quickly and reliably than baselines.

While this chapter focuses on detecting and adapting to changes that are expressed
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primarily through behavior during collaboration, people do not rely on behavior alone
to signal evolving goals, constraints, or priorities. In practice, humans frequently com-
municate changes directly, but they do so at a high level, using short, underspecified
utterances that convey intent without detailing how the task should be executed [5].
This creates a gap between what is communicated and how a robot must act, espe-
cially when behavioral cues alone are insufficient to disambiguate the human’s intent
in a timely way.

Moreover, across Chapters 3-5, the approaches assume that the human’s goal lies
within a fixed, known set, even if that goal must be inferred from sparse demonstra-
tions, corrected through interaction, or refined as the task unfolds. Adaptation in
these settings operates by revising beliefs, policies, or assistance strategies over this
predefined goal space. While effective for many collaborative tasks, this assumption
limits the robot’s ability to respond when humans articulate goals or preferences that
fall outside what the robot has been designed to recognize.

The next chapter relaxes both these assumptions by addressing open-ended goal
inference. It introduces BALI (Bidirectional Action—-Language Inference), which com-
bines high-level language with evidence from human actions and task history to infer
goals that are not pre-specified in the robot’s model. By jointly reasoning over what
people say and what they do, BALI enables the robot to expand its understanding of
the task on the fly and provide appropriate support even when the human’s objective

was not anticipated at design time [90].
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Chapter 6

Open-Ended Goal Inference using

Actions and Language for

Human-Robot Collaboration!

The previous chapters developed mechanisms for maintaining shared understanding
during interaction, expecting minimal explicit instructions from humans. Chapters
3-5 focused on goal inference from behavior, first by learning task-relevant perceptual
distinctions from passive observation, then by actively planning robot actions that
make different possible human goals easier to disambiguate, and finally by handling
settings where the human’s objective can change over time.

In this chapter, we build upon the ideas presented in the prior chapters by consid-
ering how people communicate intent through both what they do and what they say.
The robot must interpret these signals together. Language is often underspecified,
and action sequences can be ambiguous without the context that language provides.

Therefore, to reason about the complementary information that actions and lan-

'Portions of this chapter were published as: Ghose, D., Gitelson, O., Vizquez, M., & Scassellati,
B. (2026).0pen-Ended Goal Inference using Actions and Language for Human-Robot Collaboration.
In Proceedings of the 2026 ACM/IEEE International Conference on Human-Robot Interaction (HRI)

[90].
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guage provides while performing a shared task, we introduce BALI (Bidirectional
Action—Language Inference) [90]. BALI jointly reasons over natural-language input,
observed actions, and task history to infer the human’s goal as the task unfolds.
BALI treats these signals as coupled: language provides constraints and context for
interpreting behavior, while actions ground and refine the interpretation of language
as the task unfolds. Unlike prior chapters that assume the goal lies in a fixed, pre-
defined set, BALI is designed for open-ended goals, leveraging large language models
to represent and update goal hypotheses and to select supportive actions under un-
certainty. When the uncertainty around open-ended goals is too high, BALI can
request targeted clarification; otherwise, it selects actions consistent with its current

goal belief.

6.1 Introduction

For robots to be effective partners in real-world human-robot collaboration, they
must be able to anticipate and support the human’s end goals [121]. Yet these goals
are often unknown, difficult to articulate, or challenging for the robot to interpret,
especially in long-horizon tasks where many intermediate actions overlap across differ-
ent possible outcomes [5]. Further, in many everyday settings, the space of potential
goals is effectively unbounded: the same ingredients in a kitchen could be combined
into countless recipes depending on preferences; the same tools and parts in an as-
sembly task could produce different products; or a household reorganization could
yield multiple equally plausible end states. To collaborate effectively in such settings,
a robot must reason over this open-ended goal space while minimizing the burden
on its partner, asking clarifying questions only when needed rather than demanding
step-by-step instructions or demonstrations [180, 271, 163, 95].

To address the above challenges, we propose Bidirectional Action Language

158



“uoryeIOqe[[0d a1} Surjerdmod ‘ejsed 9dneS-Pal SOAISS 10qOY (9) "9dnes axyeu 0}
0)®eTI0) 91} SPUA[( UewN (G) ")J[NSOI © SB 0JRTIO} ® SAYDIAJ J0qOI A} PUR , ‘pa,, SII[dol URTN] , 49I9NDS 9YM L0 PaL Junm nofi o(f,, ‘syse
91 0S ‘SHULIPAISUL d[qe[reA® Y} [IIM d[qIssod oI SJURLIRA [RIOAJS 9OUIS PIPUSIUI ST YSIP eised TPIYM Jnoge ureredun st 30qoy (§) Teos
rysed e Sumiojural ‘jod a1y 0 eysed sppe uewmny (¢) ‘ejsed sayogej 10q0Yy (g) “eised premo) sues] pue (90l ‘sa vysed) souaIejord s1y) 17
yet]) suorpdo SIOPISUOD J0qOI ) ‘I9YeM S[I0q PUe , Louulp unyvif yoinb v jupm J, skes wewny (1) yse) SUI{00D dATJRIISI[[] 19 9INSI]

Jauuip ueijey| yoinb e juem |

159



Inference (BALI) for goal prediction, an approach for inferring human goals in col-
laborative tasks from both language and action. For example, consider a collaborative
cooking task. When a person says “I want a sweet, healthy breakfast” and then begins
fetching oats and fruit, the robot must reason that the likely goals include preparing a
fruit oatmeal or a fruit parfait. BALI leverages ambiguous verbal instructions and ob-
served human actions to infer likely goals and guide robot behavior. Building on prior
work, we propose to achieve this with Receding Horizon Planning (RHP), where the
robot expands a tree of possible joint future actions toward plausible goals. But with
open goal spaces, the tree can grow prohibitively large. Thus, BALI prunes unlikely
branches by conditioning the tree expansion on the human’s instructions and observed
actions, focusing on those most likely to support the human’s objectives. In effect,
our approach enables the robot to use human actions to disambiguate the human’s
natural language description of their preferences. Similarly, it allows the robot to use
explicit human preferences to guide its choice of supportive actions, establishing the
bidirectional coupling between action and language. Furthermore, when uncertainty
about the human’s goal is high, such as distinguishing between fruit oatmeal and a
fruit parfait, BALI allows the robot to selectively ask clarifying questions like “Do
you want something warm or chilled?”. BALI incorporates the human’s response to
improve its inferences, as in Figure 5.1.

We evaluate BALI in simulated and proof-of-concept real-world collaborative
cooking tasks. We compare against several approaches: using language alone, us-
ing actions alone without natural language instructions from the human, and using
GOOD [171], a Bayesian reasoning method for open-ended goal prediction using di-
alog. BALI performs significantly better than these approaches when goals are left
open-ended, making fewer mistakes and maintaining strong goal prediction accuracy.

Thus, our main contributions are:

1. We introduce BALI, the first approach — to our knowledge — that combines natural
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language preferences and observed human actions for goal inference, where goal

spaces can be open-ended.

2. BALI integrates a question-asking module that weighs goal uncertainty against in-
terruption cost. Our experiments show that this enables the robot to keep interven-

tions minimal, asking clarifying questions only when needed during goal inference.

3. We evaluate BALI in simulated and proof-of-concept real-world collaborative cook-
ing tasks under open- and closed-world assumptions. In the open case, the goal
set is unknown to the robot and potentially of infinite size. In the closed case, the
robot has access to the full set of human goals, which total 30 different options.
BALI outperforms baselines with fewer mistakes, faster convergence, and higher

goal-prediction accuracy.

6.2 Related Work

In human-robot collaboration (HRC), a significant body of work addresses how robots
infer human goals from observed actions (see Hoffman et al. [121] and Chapter 2 for
a survey). Most approaches assume a discrete hypothesis set and update a posterior
over candidate goals via plan or intent recognition. This includes goal inference in
shared workspaces [122, 77, 3], in shared-autonomy [140, 218], and navigation with
fixed destinations [23, 153]. In these settings, inference is typically short-horizon, esti-
mating instantaneous intent in shared autonomy from recent inputs [138, 15, 14, 70],
predicting the next step in workspace collaboration [198, 109, 270], or forecasting nav-
igation sub-goals [262]. Extensions expand the temporal scope through hierarchical or
dynamic models and active disambiguation, though still within finite goal sets, as in
Bayesian Delegation [292], informative control for self-driving [230], and workspace re-
configuration [270]. Other work explores alternative inference mechanisms over fixed

goal banks, such as framing goal recognition as reinforcement learning [9], combining
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action sequences with spoken language via Bayesian inverse planning with LLM-based
likelihoods [298], or augmenting plan recognition with dialog to refine beliefs [132].

A complementary line of research investigates intrinsic motivation, where robots
autonomously generate and pursue open-ended goals. Prior work exploits intrinsic
signals such as curiosity, empowerment, or uncertainty reduction [220, 226, 185, 74],
or relies on demonstrations and tutoring to acquire parameterized policies for param-
eterized goals [189, 190, 260, 234]. While this work targets lifelong goal discovery
rather than inference of a collaborator’s current task goal, it motivates open-ended
goal reasoning.

More recently, several approaches have inferred goals without a predefined goal
set [170, 171, 311]. Zhi et al. [311] cast goal inference as a Particle Filter over open-
ended goal spaces, proposing goals from subgoal statistics and reweighting via inverse
planning on observed actions. Ma et al. introduce GOOD [171], which maintains
a posterior over unbounded natural-language goals using an LLM to score dialog.
Our approach lies at this intersection: unlike methods that rely only on action traces
[311] or only on dialog [171], we jointly reason over both observed actions and natural-
language signals. This enables maintaining an open-ended goal posterior, predicting
a human’s long-term goal, and asking clarifying questions when the expected infor-

mation gain outweighs the interruption cost.

6.3 Preliminaries

Before we explain how BALI works, we describe our problem setup and foundational

ideas that led to our approach.
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6.3.1 Problem Formulation

A robot aims to support a human in a collaboration, where they take action one after
the other. Let the environment’s state be s, and a shared action space be A. We
assume that the state and the action spaces are fully observable. The action space
contains high-level actions (e.g., in a cooking task, the action space can include boiling
water, chopping vegetables, etc.). Both agents have access to a shared action history
H%=! up to (but not including) the current time step. We also keep track of the
individual action histories of the human and the robot, denoted by Hj* ' and H%*~1.
Further, the human expresses a set of preferences for the task in natural language
(L =1y...1,) that can be open-ended and ambiguous, like "I want a savory dinner
meal.”

The robot seeks to reduce uncertainty about the human’s current goal so that it
can take actions that support them. At each timestep, the robot infers p(g), a prob-
ability distribution over the human’s possible goals G, and at alternate timesteps, se-
lects a robot action a,.. The set of all possible human goals G is potentially unbounded,
so we propose for the robot to continuously estimate which goals are plausible given

observations of the human’s actions and speech.

6.3.2 Receding Horizon Planning (RHP)

Following Sadigh et al. [230] and Chapter 4, the robot chooses actions using Receding
Horizon Planning (RHP) [172]. Model Predictive Control (MPC) inspires RHP [85],
but RHP applies to discrete decision-making rather than continuous control. At
each timestep, the robot expands a search tree, where each node is a state s over a
finite planning horizon. It evaluates possible sequences of human and robot actions
conditioned on the robot’s current belief about the goal. Then, the robot executes

the first action of the sequence that maximizes expected support for the human’s
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goal. Finally, the horizon window shifts forward, the robot updates its belief over
goals using the newly observed human action, and planning repeats. As explained
later in Sec. 6.4, BALI expands this formulation to also account for verbal human

preferences.

6.3.3 Attractor Fields

Per Jain and Argall [137] and as described in Chapter 5, an attractor field expresses
the extent to which one element in the first set exerts a pull toward certain elements
in the second set. Formally, let a target set Y have n elements (e.g., n actions). An

attractor field for a source element x (e.g., a goal) is a vector:

where F,(i) indicates how strongly x "pulls" on the i-th element in Y. If multiple
sources are present, their fields are summed element-wise. As a result, targets that
are relevant to more sources accumulate higher attraction scores, while those relevant
to fewer sources accumulate weaker scores. For example, in a collaborative cooking
task, a goal such as “fruit oatmeal” exerts an attractor field over actions like fetching
oats, cutting fruit, and boiling water. A high-level preference like “healthy” can also
be modeled as an attractor field, pulling the robot toward ingredients such as fruit
and away from high-sugar toppings like chocolate chips. Similarly, appliances can act
as attractors: a blender exerts a strong pull toward goals like “smoothie” but little
or no pull toward goals like “salad.”

Attractor fields can be computed using known statistical mappings between the
source and target elements (as shown in Chapter 5) or the world knowledge captured
by large language models (LLMs). More specifically, given a source element (e.g., a

goal like "fruit parfait” or a preference like “sweet”), we propose to use an LLM-as-
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Algorithm 4 BALI Summary

Input: state s, action space A, language pref. £, horizon H, prior belief over goals p(g),
human history Hj,, robot history H,
Output: next robot action a,, updated belief over goals p(g)
Observe human action; update H; Generate interaction summary Predict plausible human
goals (gpreqd) and goal uncertainty p(g) if goal uncertainty is high and interruption cost is
low then
Ask clarifying question; update p(g) and attractor fields £ = £ + human’s answer to
question
end if
nitialize RHP tree with root s for depth =1 to H do
foreach node at this depth do
Enumerate valid robot actions Ayaiq
Score each a € Ay,iq using goal- and preference-based attractor fields
Filter to most likely actions based on scores
Expand node with filtered actions

—

end foreach

end for
Evaluate branch costs; select minimum-cost branch; execute its first action a,; update belief
over goals p(g) Return: next robot action (a,), updated belief over goals (p(g))

a-judge [104] to score the relevance of possible targets (e.g., assigning higher scores
to “cut fruit” than to “fry bacon”, or to “blueberries” rather than “lettuce”). We use
these scores to populate the attractor field vector, allowing the robot to construct

attractor fields even when the source is open-ended, ambiguous, or novel.

6.4 Bidirectional Action-Language Inference (BALI)
for Goal Prediction

Our approach, BALI, is designed for turn-based human-robot collaborations (as ex-
plained in Sec. 6.3) and is summarized in Algorithm 4. At each time step, the robot
observes the human’s latest action and updates its belief over possible goals using
attractor fields that link actions to preferences expressed in natural language and
plausible goals. If uncertainty is high and the cost of interruption is low, the robot

asks a clarifying question, incorporating the human’s response to refine its beliefs
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(lines 4-7). The robot then performs receding horizon planning (lines 9-16): it ex-
pands a search tree of alternating human and robot actions up to a fixed horizon (H),
where at each node valid robot actions are enumerated, scored with respect to goals
and preferences, filtered to retain the most likely, and expanded. The resulting tree
is evaluated, and the branch with the minimum cost is identified. The robot executes
the first action along this branch as its next contribution to the task (line 17). The

rest of the section explains each key module in BALI in more detail.

6.4.1 Interaction Summary

We maintain a concise interaction summary that condenses a human’s preferences
and actions into a single natural-language sentence, inspired by the concept of Di-
alog State Tracking (DST) in conversational systems [135] as illustrated in Figure
6.3. For example, in a cooking task, the summary describes the likely dish, the
current phase (e.g., gathering, assembling, finishing), the items in play, and sensi-
ble next steps (orange box in Fig. 6.2). We encode the history in natural language
because our goal inference leverages large language models, which inherently reason
over text-based representations. The summary provides the planner with a consistent
reference across timesteps, preventing the robot from overreacting to isolated ambigu-
ous actions, enforcing coherence as the interaction unfolds, and preserving long-range
context. Moreover, this module helps the robot use human actions to disambiguate

and ground high-level instructions.

6.4.2 Goal Inference

The Goal Inference module (green box in Fig. 6.2) enables a robot to infer goals
by analyzing the action history and updating a ranked list of candidate goals (gpreq)
as new actions are taken as illustrated in Figure 6.4. Conditioned on the human’s

preferences, action history, the interaction summary, and environmental constraints,
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Figure 6.3: Interaction Summary module with an Example

the robot queries an LLM that leverages commonsense knowledge to generate and
continually update a set of plausible goals, inspired by Ma et al. [171]. Each goal is
also assigned a score, using LLM-as-a-judge, that indicates how aligned the goal is
with the human’s action history and preferences. The system handles removing and
adding goals by continuously re-evaluating the candidate set as new human actions
and preferences are observed. When new actions or preferences indicate that specific
goals are no longer supported, they are removed. Conversely, they are added if the

observed behavior support new feasible goals.

6.4.3 Action Selection and Cost Function

BALI chooses robot actions within the receding horizon planning (RHP) framework
described in Sec. 6.3 (pink box in Fig. 6.2). Action selection proceeds by expanding a
search tree of possible future action sequences, alternating between human and robot
actions, up to a fixed planning horizon H. At each node, a valid action filter (blue box
in Fig. 6.2 and Figure 6.5) uses the interaction summary (Sec. 6.4.1), goal predictions
(Sec. 6.4.2), and action history to select actions consistent with the current goals and

preferences (A,qq) using an LLM. The filtering repeats at each level of the RHP
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Figure 6.4: Goal Inference module with an Example

tree until depth H, generating candidate action sequences. After the sequences are
generated, attractor fields are computed per Eq. 6.3.3 (yellow box in Fig. 6.2 and as
illustrated in Figure 6.6), producing relevance scores for each candidate action with
respect to every plausible goal (Vg € gprea) and preference (VI € L).

The robot aggregates the attraction scores from all plausible goals and preferences
to assign a single scalar value to each candidate action along every branch of the RHP

tree. Formally, for each a € A,qiq4, the aggregate attractor score is:

S(a) = > wyFy(a) + > w Fa),

gEgpred lel

where F;(a) and Fj(a) are the attractor field scores for goals (¢) and language prefer-
ences (1), and w,, w; are tunable weights reflecting the importance of attractor fields
for g and [, respectively over a.

The cost of a branch in the RHP tree, which encodes an action sequence a =
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Figure 6.5: Valid Action Filter module with an Example

(ay,...,ay) for the human and robot, is

with S as in eq. (6.4.3). The robot identifies the branch with minimum cost (the
green line in the pink box of Fig. 6.2), and executes the first action (a,) along that

branch (ay in Fig. 6.2).

6.4.4 Asking Informative Questions

The robot must decide when to ask a question, what question to ask and how to
use the answer to reduce uncertainty over goals, as shown in the purple box in Fig.

6.2.
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Figure 6.6: Attractor Field Cost Function module with an Example

When to Ask

The robot asks a question only if the expected benefit (information gained about
the human’s goal) outweighs the cost of interrupting. Inspired by [271], we model
the cost as time-dependent to discourage repeated interruptions: immediately after
asking, the interruption cost is high and then decreases linearly toward a minimum.
Let At be the time since the last question, T}, the interval after which the minimum
cost is reached, and AC' = C\ax — Chuin the range of costs. The cost of asking at time

t is:

Cmina At > Tq:
Cq(t) =
Cuax — AC - (A)T,), At <T,,

The robot compares this interruption cost to its current uncertainty or entropy
over goals p(g): H(g) = — >, p(g)logp(g). Since the value of resolving uncertainty

increases with the number of plausible goals (n40a5), We scale the interruption cost by
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10g(ngoats): O3t = Cy(t) log(ngoass). A question is asked whenever H(g) > C5led,
i.e., when the robot’s uncertainty is high enough that reducing it is worth the inter-

ruption.

What to Ask

Once the robot decides to ask, it must choose the most informative question. Candi-
date questions are drawn from categories relevant to the task (e.g., in cooking: high-
level food preferences, ingredients, or appliances). These categories can be predefined
or dynamically generated by an Large-Language Model (LLM) based on the domain.
Each candidate question is then hypothesized to have several possible answers from
the human.

The usefulness of a question is measured by how much it reduces uncertainty
about the human’s goal. We quantify uncertainty by the entropy of the current belief

distribution p(g) over goals:

H = - plg)logp(g).

g

Inspired by [31, 80, 217], when the robot asks a question, each possible answer (ans)
changes its belief over goals, yielding p(g | ans) whose entropy reflects how uncertain
the robot would be if that answer were given. We compute this posterior probability

p(g | ans) using Bayes’ rule:

plans | 9)plg)

The likelihood of each answer given a goal, p(ans | g), is approximated using at-
tractor fields, which encode how strongly each answer is associated with the goal.
For example, if the question is “Should the dish be warm or chilled?”, then goals

like “oatmeal” have high attraction to the “warm” answer and low attraction to the
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“chilled” answer, while “parfait” has the reverse pattern. p(g) denotes the probabil-
ity distribution over possible human goals estimated by the Goal Inference module
(Sec. 6.4.2). For simplicity, we assume that each possible human answer is equally
likely, i.e., p(ans) is uniform. Therefore, the expected uncertainty after asking is the

weighted average entropy for all possible answers:

E[H | ans| = p(ans)H(p(g | ans)),

ans

and the question’s value is its expected reduction in entropy:

AH =H —E[H | ans].

Intuitively, a good question partitions the plausible goals into groups depending
on the answer, so that the robot’s uncertainty decreases regardless of how the human
responds. For instance, like the earlier example, asking “Should the dish be warm or

chilled?” separates “oatmeal” from “parfait” and removes ambiguity.

Processing Human Answers

Human answers are incorporated into BALI in three ways (see the @ symbol in Fig.
6.2): (i) the Interaction Summary module (Sec. 6.4.1) integrates the answers into the
natural-language summary of preferences and actions, (ii) the Goal Inference module
(Sec.6.4.2) uses the answers as additional evidence when predicting the human’s goal,
and (iii) the Action Selection module (Sec. 6.4.3) conditions the RHP tree expansion

on the updated goals, producing actions that align with new preferences.
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Figure 6.7: Experimental Setup for the Collaborative Cooking Task

6.5 Evaluation

6.5.1 Task and Problem Representation

We evaluate BALI on collaborative cooking, a testbed widely used in human-robot
collaboration [38, 45, 277, 99| similar to Chapters 4 and 5. Cooking provides concrete
ground truth for controlled experiments while also reflecting the subjective and often
unique preferences that make goals both explicitly nameable and inherently emergent.
Our experiments span both a simulation and a real-world setup (as shown in Fig. 6.7),
which is expanded from Chapters 4 and 5 to include more ingredients for improved

variability. The human can prepare any meal using the available ingredients and
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appliances. We assume either partner may perform any preparatory step, with each
step taking the same time regardless of who executes it.

The robot’s state and action space are defined in the Planning Domain Definition
Language (PDDL) [4], with environment updates handled by PDDLgym [243]. Both
agents can perform actions A = {gather(i,a),pour(i,d,a),mix(i,a), cook(i,a),
turn_on(i,a),collect_water(a),blend(i,a),reduce_heat(i,a),serve(i,a)}
where i is an item, d a container (e.g., a bowl), and a € {human, robot} denotes the
acting agent. The state is represented as a vector of PDDL literals describing item
locations and states (simmering, blended, cooked). We assume a deterministic, fully
observable environment. For simplicity, the human initiates the interaction by taking
the first action and providing high-level meal preferences (e.g., “I want something

sweet and healthy”).

6.5.2 Experimental Setup

We primarily assess BALI in an open-ended goal inference setting, which we refer
to as the open case going forward. In this setting, we conduct experiments both
in simulation and in the real-world. Additionally, for completeness, we investigate
performance in simulation in a closed case where the goal set is known. This closed

setting includes additional baselines not possible in the open case.

Simulation

To evaluate our approach in a controlled setting, the human prepares one of 30 pos-
sible goal recipes similar to Chapters 4 and 5, where each recipe could be one of six
types: Pasta, Stew, Salad, Oatmeal, Smoothie, or Parfait, in both the open and closed
cases. The human’s ground-truth action sequences are derived from Clique/Chain Hi-
erarchical Task Networks (CC-HTNs) [114], capturing ordered steps (e.g., add straw-

berry before turning on the blender) and steps that can be performed unordered (e.g.,
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retrieve stew toppings in any order). To construct the simulated preferences, we used
GPT-03 to propose 50 diverse food preferences given the available ingredients, ap-
pliances, and exemplar recipes (the 30 goal recipes the simulated human could be
preparing). For example, the preferences include “sweet’, “savory’, “warm’, “break-
fast’, etc. We manually mapped each of the 30 recipes to all applicable preferences.
Next, we generated 967 preference pairs by taking all unordered pairs of preferences
that shared at least one goal. For example, the overlap of “sweet” and “breakfast” in-
cludes “fruit parfait”. From each pair, we uniformly sampled one overlapping goal to
execute, resulting in 967 experiments. The length of simulated human recipes ranges

from 9 to 31 steps, with an average length of 22.7 + 5.5 steps.

Real World

Similar to Fig. 5.1, our real-world setup comprises a UR-5e, an overhead Microsoft
Azure Kinect [246] for workspace monitoring, and a microphone as shown in Fig. 6.7.
To avoid online action recognition, humans were instructed to verbalize their actions.
A custom lightweight parser used fuzzy matching to map utterances to PDDL literals.
For safety, we used realistic mock ingredients (liquids replaced with colored beads)
and modified appliances to actuate without heat or blades. A blender and a stove
with a pan were placed in front of the robot. A sink, utensils, and condiments were
to the left, serving vessels were to the right, and a storage shelf with ingredients was
behind. For perception, we used SEEM [317], a promptable segmentation model, to
localize and segment ingredients in different colored containers from text prompts.
Then, we applied a heuristic grasp-point selector on the resulting mask to enable

manipulation.

176



Implementation Details

When comparing approaches that rely on LLM models, we use a larger general-
purpose LLM (Gemini 2.5 Flash [63]) and a smaller instruction-tuned model (Phi-4-
mini-instruct [2]), with identical prompts and decoding settings. Furthermore, when
our method asks questions, it uses the clarifying question module introduced in Sec.
6.4.4. In the open case, we use the FlowJudge [81] model as the LLM-as-a-judge for
attractor field scoring. In the closed case, we leverage information about the goals as

explained further in the next section.

6.5.3 Baselines

We consider five baselines in our evaluation. Two baselines (LLM Only, and GOOD)
are completely different methods to BALI. The other three have some similar com-
ponents to BALI, but they either use less information from the human, or leverage

access to a goal bank (which is generally not available to BALI in the open case).

LLM Only

This baseline examines a purely language-driven approach: Can a large language
model, given a user’s stated preferences and the valid actions at each step, select
sensible next actions for the robot without explicit planning or an internal belief over
goals? At each timestep, the system lists the valid robot actions from the current state
and prompts an LLM with the user’s active preferences (and brief interaction context)
plus the valid action list. The model is instructed to return exactly one action from
that list that best supports the human’s preferences, leveraging the model’s general
cooking knowledge. In the open case, the prompt contains only preferences and the
action list. In the closed case, it additionally includes the set of possible goals (the
30 recipes) so the model can use this information to guide its action choice. Decisions

are made one step at a time, without considering possible futures.
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Goal Inference from Open-Ended Dialog (GOOD)

Goal Inference from Open-Ended Dialog (GOOD) [171] maintains a posterior over
open-ended, natural-language goals that is updated from dialog alone. At each turn,
it prompts an LLM to role-play the user under each candidate goal, uses the resulting
likelihoods to perform Bayesian updates, and adds/prunes goal hypotheses as the
conversation evolves. In our setup, we run this dialog—inference—goal-management
loop and map the current most probable goal to a next action from the valid action set.
In the open case, GOOD maintains a posterior over unbounded natural-language
goals. In the closed case, the posterior is restricted to the known recipes. Unlike our
method, GOOD neither looks ahead to predict future action sequences nor conditions

action selection on past human actions.

Actions Only

This baseline aims to evaluate goal inference based on the human’s action history,
ignoring natural-language preferences. In the closed case, we implement this base-
line using Critical Decision Points (CDP) [92], as this approach uses RHP and infers
a human’s long-horizon goals considering past human actions. The CDP approach
identifies states where candidate goals diverge most in their next-step predictions,
and chooses the robot action that steers the interaction toward such informative
states. Because CDP relies on a goal-driven policy bank, in the open case we ex-
pand an RHP tree, but use a language model to score admissible next actions based
on perplexity [12] given the current interaction sequence, treating lower perplexity
as more likely. In this context, perplexity measures how surprising the model finds
future actions in the sequence; actions that yield lower perplexity are considered more
consistent with the interaction so far. We keep the top-K actions, look a few steps
ahead with the model to score candidate paths, and execute the first action from the

best-scoring path.
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Known Goals (BALI-KG):

This baseline is designed only for the closed case. We apply our method but re-
strict the Goal Management module to a fixed goal bank G of known recipes. All
other components—interaction summarization (Sec. 6.4.1), RHP tree expansion, and
attractor-field cost computation (Sec. 6.4.3) remain unchanged. This isolates the ef-
fect of assuming access to the complete goal set and removes the need to propose new

goals online.

Known Goals and Policy Bank (BALI - KG+PB):

This baseline is designed for the closed case only, like BALI-KG, but assumes the
robot has access to both a complete goal bank G and a policy bank P, containing
many ways of achieving each goal. For example, if G includes the recipe oatmeal,
P, may contain permutations of the same preparation steps, such as get bowl —
pour oats — add milk — stir, get bowl — add milk — pour oats — stir, etc. From
Py, we derive mappings between goals to actions, and preferences to actions. These
mappings support the construction of precomputed attractor fields: for each goal or
preference (source), attraction scores are assigned to actions (targets) according to
their frequency in associated policies. Actions consistently appearing in policies for a
source receive high attraction; otherwise, they have low attraction.

Goal inference in BALI - KG+PB is handled by a Random Forest trained on
300,000 action sequences (10,000 per recipe across 30 recipes in our specific simulation
setup), which achieved 86.8% accuracy on a 20% held-out test set. During interaction,
the model maps partial human action sequences to candidate goals in G and updates
the ranking as new actions are observed. Action selection is further constrained at
each node of the RHP tree by n-gram co-occurrence statistics and policy frequencies
from P,, with candidates refined using the same LLM prompting strategy as in our

method but with their costs determined entirely by precomputed attractor fields.
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6.5.4 Metrics

We compare BALI against each baseline using five metrics:

1. First Correct Guess: The first timestep in an interaction when the robot

correctly identifies the human’s goal.

2. Last Incorrect Guess: The final timestep when the robot’s predicted goal
is wrong, indicating when its belief stabilizes on the correct goal. This com-
plements First Correct Guess, which may be noisy since a method can predict

correctly by chance early on without resolving uncertainty.

3. Goal Prediction Accuracy: Percentage of timesteps when the robot cor-

rectly identifies the human’s goal. We report both the top-1 and top-3 accuracy.

4. Number of Questions Asked: Total clarifying questions the robot asks in

an interaction.

5. Number of Extra Steps: Number of extra steps taken by both agents to
complete the interaction. In simulation, the metric measures extra steps in
comparison to the number of ground-truth steps from the corresponding CC-
HTN. Because the simulated humans make no mistakes, all extra steps are
attributed to robots. In the real-world evaluation, we ask the human to flag

any steps they think did not belong in the recipe they were trying to make.

6.6 Results in Simulation

6.6.1 Open Case

Fig. 6.8a—6.8c shows the results in simulation when the robot does not know the set

of possible human goals.
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Figure 6.8: Results for the open case. (a) shows inference timing: maroon = time until
first correct guess, yellow = period of instability until the last incorrect guess, green = stable
correct phase. cross = first correct guess ([=Dbetter), circle = last incorrect guess(]=Dbetter).
(b) reports Top-1 (yellow) and Top-3 (green) goal prediction accuracy (T=better). (c) show
average mistakes or extra steps (J=better). Means and standard deviations of metrics are
computed over 967 preference combinations. Visualization of standard deviations for the
first correct guess and the last incorrect guess is skipped for clarity.
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Figure 6.9: Results for the closed case. (a) shows inference timing: maroon = time until
first correct guess, yellow = period of instability until the last incorrect guess, green = stable
correct phase. cross = first correct guess (J=Dbetter), circle = last incorrect guess(]=Dbetter).
(b) reports Top-1 (yellow) and Top-3 (green) goal prediction accuracy (T=better). (c) show
average mistakes or extra steps (|=Dbetter). Means and standard deviations of metrics are
computed over 967 preference combinations. Visualization of standard deviations for the
first correct guess and the last incorrect guess is skipped for clarity.
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Baselines: Pure small LLMs made on average 13.09 mistakes per interaction, with
56.38% top-1 and 87.30% top-3 goal prediction accuracy. Their first correct guess
occurred at 41% of the interaction, and the last incorrect guess at 59%, showing that
predictions remained unstable well into the task. The larger LLM reduced mistakes
slightly to 11.40, but top-1 accuracy dropped to 45.40% and top-3 to 74.87%. Their
first correct guess occurred at 35% of the interaction, and the last incorrect guess at
69%. Our action-only baseline made 11.75 mistakes, with 49.82% top-1 and 87.27%
top-3 accuracy, producing its first correct guess at 22% and last incorrect guess at 76%.
GOOD [171], which adds Bayesian reasoning over language-defined goals, achieved
56.69% top-1 and 89.75% top-3 accuracy, but still made 13.44 mistakes, with the first
correct guess at 23% and the last incorrect guess not until 60%.
BALI: Without asking questions, BALI reduced mistakes to 4.90, with 57.50% top-
1 and 98.09% top-3 accuracy. The system produced its first correct guess earlier
than baselines, at 20% of the interaction, and its last incorrect guess by 60%. With
questions, performance improved further: mistakes dropped substantially to 4.10
(small model) and 3.12 (large), top-1 accuracy rose to 75.20% and 78.90%, and top-3
accuracy reached 98.77% and 98.85%. The first correct guess occurred within 10%
of the interaction, and the last incorrect guess within 6-7%. On average, the robot
asked 1.94 + 0.92 questions per interaction. The LLM within BALI further improved
goal prediction accuracy and reduced mistakes relative to the small model, with the
gains especially pronounced in this open setting where generalization is critical.

We conducted paired t-tests across all 967 trials, confirming that all performance
gaps between BALI and the baselines are statistically significant as shown in Table

6.1.

6.6.2 Closed Case

Fig. 6.9a-6.9c show the results when the robot accessed the goal bank.
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™ Human Action % Robot Action Mistake

.Question . Answer
Initial Preference: I want something quick

Human’s Actual Recipe: Smoothie

Action Sequence Top 2 Predicted Goals
™ 1. Get Strawberry
¢ 2. Get Banana Fruit Salad, Fruit Smoothie
M 3. Get Yogurt
T 4. Pour Yogurt into Blender Fruit Smoothie, Fruit Yogurt Parfait
™ 5. Get Apple
§° 6. Pour Banana into Blender Fruit Smoothie, Berry Smoothie
€ 7. Pour Strawberry into Blender
¢ 8. Pour Apple into Blender Fruit Smoothie, Berry Smoothie
™ 9. Blend Smoothie
§° 10. Serve Smoothie Fruit Smoothie, Berry Smoothie

a)

Initial Preference: Can we make something healthy?
Human’s Actual Recipe: Veggie Salad

Action Sequence Top 2 Predicted Goals
™ 1. GetSalt
§¢ 2. Get Onion Healthy soup, Salad
™ 3. Get Carrot
¢ 4. Get Cucumber Carrot soup, Vegetable Stew
™ 5. Get Lettuce
@; 6. Get Bowl Vegetable Stew, Salad
™ 7. Get Eating Spoon
m 8. Pour Cucumber into Bowl] Salad, Salad with Chicken
# 9. Pour Broccoli into Bowl
§¢ 10.  Pour Lettuce into Bowl Salad, Broccoli Chicken Salad
™ 11. Pour Salt into Bowl
§¢ 12.  Pour Oil into Bowl Salad, Vegetable Salad with Chicken
™ 13. Pour Onion into Bowl
ﬁ 14.  Pour Carrot into Bowl Salad, Vegetable Salad with Chicken
™ 15. Get Tomato
i 16. Pour Tomato into Bowl Salad, Vegetable Salad with Chicken
™ 17. GetKale
§¢ 18. Pour Kale into Bowl Salad, Vegetable Salad with Chicken

M 19. Serve Salad

Would you use the pan or the bowl to assemble the dish?

@ Bowl
b)

Figure 6.10: Real World Case Study
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Baselines: Similar to the open case, we see the same patterns. Pure small LLMs
made 6.20 mistakes, with 53.52% top-1 and 83.87% top-3 goal prediction accuracy.
Their first correct guess came at 26% of the interaction and the last incorrect at
62%, showing late convergence. Large LLMs reduced mistakes slightly to 6.21, but
accuracy dropped slightly to 51.20% top-1 and 83.06% top-3, with first correct at
26% and last incorrect at 62%. GOOD [171] reached 49.05% top-1 and 82.14% top-3
with 4.98 mistakes, but converged late (first correct 38%, last incorrect 66%). Our
actions-only baseline, CDP [92] performed better than the other baselines, with 2.12
mistakes, but still performed worse than BALI.

BALI: BALI-KG, the same method as in the open case but evaluated with a fixed
goal set, made 1.92 mistakes, with 62.54% top-1 and 88.92% top-3 accuracy. The
first correct guess occurred at 25% and the last incorrect at 59%. With questions,
mistakes dropped to 1.64, with 63.98% top-1 and 90.32% top-3 goal prediction accu-
racy, first correct at 23% and last incorrect at 41%. Adding the policy bank (BALI-
KG+PB) yielded the strongest results, as expected: mistakes nearly vanished (0.12),
with 68.43% top-1 and 93.85% top-3 accuracy, first correct at 22% and last incorrect
at 58%. Mistakes disappeared entirely when the robot was allowed to ask questions;
top-1 accuracy reached 95.04%, and top-3 reached 98.04%. The first correct guess
occurred at 5% and the last incorrect at 9%. The system asked 1.23 + 0.56 questions
per interaction. This shows that the question-asking module partitions the goal space
effectively, so answers remove ambiguity about goals well. The large model was not

tested here since the small one had already achieved near-perfect performance.

6.7 Real World Demonstration

We analyzed BALI in 2 proof-of-concept real-world trials, involving participants from

the research group who were not involved in the work. The robot prompted par-
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ticipants to take an action to start the collaboration and provide a food preference
in natural language, allowing them to add more preferences at any time. When un-
certain, it asked clarifying questions to adapt based on feedback. At the end of the
interaction, participants reported their goal recipe and annotated robot actions that
did not align with their goal.

Fig. 6.10 shows the two case studies. In the first case (Fig. 6.10a), the participant
asked for “something quick” and began preparing a smoothie. Based on this pref-
erence, the robot predicted fruit-based recipes as likely goals. It started processing
ingredients early in the interaction by blending instead of continuing to fetch addi-
tional items, which the participant later noted. In the second case (Fig. 6.10b), the
participant asked for “something healthy” and began preparing a veggie salad. The
vegetables fetched were consistent with multiple possible goals, so the robot asked a
clarifying question about the food preparation container (“ Would you use the pan or
the bowl to assemble the dish?”) to disambiguate the intended recipe. Based on the
answer (“The bowl”), it aligned its actions with their goal of making a salad, though
one step of pouring oil into bowl was flagged as a mistake.

In real-world experiments, our implementation achieved an average inference la-
tency of 12-14 seconds per timestep on an NVIDIA RTX 4090 GPU, using an RHP

tree of depth 2 with parallelized low-latency LLM calls with the small model.

6.8 Discussion

Our results demonstrate that language and actions complement one another in reveal-
ing human goals. Explicit preferences expressed in language help interpret the intent
behind actions, while observed actions clarify ambiguous or open-ended instructions.
This bidirectional coupling allows the robot to refine human language with actions and

ground its supportive actions in human preferences. More concretely, BALI integrates

187



language and action in a receding-horizon planner that imagines possible futures of
the collaboration, yielding earlier and more stable convergence than language-only or
action-only approaches. One unique capability of our method is integrating clarifying
questions into the inference loop, balancing interruption cost against expected infor-
mation gain. This allows the robot to resolve ambiguity efficiently without burdening
the human by asking for instructions to improve collaboration fluency.

Our work bridges two paradigms of goal inference that have traditionally been
studied in isolation: closed-set recognition, where robots classify among a finite set of
goals, and open-ended reasoning, where goals may be unbounded and novel. Research
on goal prediction has primarily remained in the closed case [93, 92, 86, 292, 138],
with the open case largely avoided by constraining the problem to predefined goals.
The few open-ended approaches, such as GOOD [171], rely exclusively on dialogue.
By contrast, BALI fuses observed actions with preferences, grounding open-ended
goals in the collaboration where intent is expressed through behavior and language.

Our work has limitations, which are opportunities for future work. First, the
experiments assumed fixed turn-taking to induce equal participation between the
human and the robot, but this is not a fundamental requirement of our method.
Second, BALI was evaluated assuming the human’s end goal remains fixed through-
out the interaction. Evaluating BALI when human goals change over time or when
human behavior is suboptimal (like [87]) would be interesting. Third, in real-world
deployments, BALI can incur noticeable latency from LLM-based scoring and tree
search; this could be reduced by more aggressive pruning of candidate actions, caching
attractor-field computations, or using smaller or quantized fine-tuned LLMs. Finally,
BALI relies on LLMs as judges to score attractor fields in the open case, introducing
variability and opacity. Future work includes addressing these issues through more
interpretable scoring methods, studying human perceptions of clarifying questions in

real deployments, and extending BALI with algorithms for open-world planning and
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goal reasoning [50, 16].

6.9 Summary

In this chapter, we presented BALI (Bidirectional Action-Language Inference), an
approach for maintaining shared understanding by inferring a person’s goal from
two signals that naturally co-occur in collaboration: what the person says at a high
level and what the person does. This work contributes a bidirectional formulation
that uses high-level language to narrow the space of plausible actions the robot should
take to support the task, and uses observed human actions and task history to ground
and revise that interpretation of the natural-language instructions — supporting goal
inference even when the intended goal is open-ended rather than drawn from a fixed
set. We evaluated BALI in collaborative cooking across simulation and real-robot
tasks, comparing it to baselines that rely solely on language and actions. Across
these evaluations, BALI produced more reliable goal inference and more appropriate
assistance than any single-modality baseline, while requiring only limited, targeted
clarification when goal-uncertainty is high.

The final chapter concludes the dissertation by summarizing the thesis’s contri-

butions and outlining additional avenues for future research.
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Chapter 7

Conclusion

This dissertation aims to enable robots to adapt to people’s requirements to work with
them fluently, where tasks are long-horizon and goals are rarely stated explicitly.
Prior work has largely addressed this problem by relying on explicit step-by-step
instructions or structured demonstrations [57, 82, 248]. In contrast, this work studies
how robots can adapt on the job by maintaining shared understanding — inferring
human goals from naturally occurring interaction signals and using that inference to
provide timely assistance with minimal supervision.

This problem is difficult for two related reasons. First, goals must be inferred from
human behavior, both actions and language that is inherently ambiguous [3, 22, 75,
5, 181, 208, 258]. The same actions or instructions can be consistent with multiple
goals depending on context. Second, this ambiguity is compounded by non-stationary
human goals, where changes in goals are rarely announced in natural interactions and
can be difficult to distinguish from normal variability in behavior [175, 195]. Together,
these challenges make it tricky for robots to reason under uncertainty about both what
the human intends and whether their goals are changing, while acting in a manner

aligned with the human’s expectations [33].
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7.1 Summary of Contributions

To address the challenges reiterated above, we summarize the contributions we made

throughout this thesis below.

o Chapter 2 conducted a survey of prior work on adaptation in physical hu-
man-robot collaboration, focusing on how robots updated behavior during an
ongoing physical interaction during a shared task. Specifically, it organized the
literature around: (i) the assumptions robots make about the human during
interaction, (ii) adaptation techniques used in practice, (iii) the cues and com-
munication channels the robot uses to reason about human behavior, and (iv)

how these systems are evaluated.

o Chapter 3 proposed a method for tailoring visual object representations to hu-
man requirements using passive observation and sparse positive feedback. This
chapter studied how a robot could learn task-relevant perceptual distinctions
when the relevant concept was defined implicitly by a person’s choices and only
a small number of positive examples were available, demonstrated in a col-
laborative recycling task. The core idea was to incorporate a human-guided
learning objective into representation learning so that objects selected by the
human became close in the embedding space, even when the distinguishing at-
tributes were arbitrary and not captured by standard semantic categories. The
method paired contrastive clustering with a human-supervised loss that avoided
treating unselected objects as negatives, reflecting realistic interaction settings
where the robot observes what the person chooses but cannot reliably draw in-
ferences from what they reject. The results showed that this approach learned
user-aligned visual concepts online from limited feedback and improved goal

inference in cases where intent depended on user-defined attributes rather than

fixed labels.
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o Chapter 4 addresses goal inference in long-horizon tasks where the same ob-
served human behavior could be consistent with multiple possible goals, which
could make passive observation insufficient for establishing shared understand-
ing early in a task. This chapter introduced Critical Decision Points (CDPs) as
states where competing goal-conditioned strategies prescribed different imme-
diate actions, and it formalized these points using a policy-divergence measure
that quantified how strongly goal hypotheses disagreed about the human’s next
action. Building on this formulation, the chapter proposed a receding-horizon
planner that traded off task progress with information gain, selecting robot
actions that steered the interaction toward highly informative states. The ap-
proach was evaluated in both a collaborative, fully observable cooking task and
a competitive, partially observable hide-and-seek task, in simulation and on real
robots, and it inferred goals earlier and more accurately than baselines. In col-
laboration, earlier clarification allowed the robot to better align its actions with
the human’s goal and reduce incorrect actions, while in competition, influencing
the human-controlled hider toward CDPs enabled the seeker to catch the hider

more quickly than baseline strategies.

o Chapter 5 studied a more realistic interaction setting in which a human could
change goals mid-task, which created two challenges for the robot — detecting
when a goal switch had occurred and rapidly realigning to the updated goal so it
could continue providing useful support without requiring explicit communica-
tion. Therefore, the chapter introduced a goal-change detection approach that
reasons about when observed human behavior becomes inconsistent with the
robot’s current goal hypothesis and the policy bank. After detecting a change,
the robot revises its goal belief by retaining only the subset of past observations
that remains informative under the newly plausible goals, rather than treating

the entire interaction history as equally relevant. The robot then executed Dif-
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ferentiating Actions, which were supportive actions selected to both advance
the task and elicit human behavior that efficiently confirmed the updated goal.
Together, these components enabled the robot to recover shared understand-
ing quickly and provide better assistance than approaches that assumed human

goals were stationary.

Chapter 6 extended the work done in the prior chapters to settings where the
human’s objective was not restricted to a predefined set and was communicated
through a combination of language and action. It introduced BALI (Bidirec-
tional Action-Language Inference) for goal prediction, which maintained an
explicit set of evolving goal hypotheses and updated them online as new be-
havioral and natural language evidence became available from the human. The
approach integrated this inference process with task-level planning so that as-
sistance remained grounded in the physical state of the task. When the robot’s
uncertainty about goals is higher than the cost to interrupt the human, the robot
generated targeted clarification questions to the human to reduce its uncertainty
about the human’s goals. Otherwise, it took supportive actions aligned with its
current belief about the human’s goals. Evaluations in collaborative cooking, in
simulation and on real robots, showed that BALI improved goal inference and

reduced the number of incorrect actions compared to baselines.

7.2 Open Research Questions

This dissertation proposes several adaptation approaches for humans and robots work-

ing on a shared task, beginning with how a robot can learn task-relevant perceptual

distinctions from passive observation of human behavior, then developing mechanisms

for resolving goal ambiguity through action, reasoning about mid-task goal changes,

and finally extending inference to open-ended goals communicated through both lan-
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guage and action.

As adaptive robots get deployed in more complex and real-world environments,
additional challenges arise that were not directly addressed in the preceding chapters.
These include reasoning about human state when people are multi-tasking, adapting
in the presence of multiple collaborators. Adapting in these more complex and real-
istic situations would require us to use more sophisticated adaptation techniques like
causal reasoning and generative end-to-end policies. The remainder of this section

outlines these open research questions.

7.2.1 Real-world Adaptation Considerations
Realistic Assumptions about Humans during Collaboration

Prior work on adaptation in controlled laboratory settings, where tasks are isolated,
attention is sustained, and interaction proceeds in a structured and predictable man-
ner. One challenge for adaptation in unstructured real-world collaborative tasks is
modeling the human’s internal state while they are engaged in multiple, interleaved
activities. People are not always focused on a single task or consistently available to
interact with a robot. Attention, physical effort, and time pressure fluctuate as people
manage competing demands. For example, during everyday household collaboration,
a person may alternate between loading the dishwasher, handwashing dishes, and pe-
riodically stirring a pot of food, shifting focus based on urgency, timing constraints,
or fatigue rather than completing tasks sequentially. This pattern of behavior is well
documented in cognitive science and human—computer interaction. Research on mul-
titasking and interruption shows that people frequently suspend tasks mid-execution
and later resume them, often relying on environmental cues rather than explicit plans
to manage progress [267|. Work on rationality and attention further demonstrates
that responsiveness and availability vary with cognitive load [127, 128]. Together,

these findings show that human state is dynamic and context-dependent, but they
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have primarily informed interface design and interruption management rather than
robot decision-making during physical collaboration.

For adaptation in HRC, this creates an interesting challenge. The robot must
adapt its behavior while the human’s state or situational constraints, such as fatigue,
urgency, or attentional load, varies across concurrently active subtasks. When mul-
tiple subtasks are interleaved, the same human state can have different implications
depending on which subtask the human is currently prioritizing. Prior work in HRI
has modeled aspects of human state such as fatigue, trust, or engagement and used
these estimates to modulate robot behavior online [213]. However, these models gen-
erally assume that the human is focused on a single task and do not address how
state estimation should interact with multitasking behavior, where the relevance of
a particular state depends on the subtask being performed. For instance, physical
fatigue may be critical while the human is unloading the dishwasher or scrubbing the
dishes but largely irrelevant when briefly checking on the food, while time pressure
may dominate while checking on the food. Existing approaches therefore struggle to
adapt when effort, attention, and availability are distributed unevenly across mul-
tiple ongoing activities, motivating the need to reason about human state as both
time-varying and subtask-dependent.

These challenges directly affect communication between the agents during the
collaboration. Human—computer interaction research shows that communicative in-
terruptions should be sensitive to workload and timing [123], yet many collaborative
robot systems treat communication is possible and preferrable by the human at every
stage of the interaction. In multitasking settings, a human who is busy, rushed, or
tired may be unwilling or unable to respond to clarification questions, even when those
questions would be informative from the robot’s perspective. At the same time, the
same human may welcome communication when it is clearly grounded in the subtask

they are currently pursuing or expect the robot to assist with. For example, a brief
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clarification about dish placement may be appropriate while loading the dishwasher
but disruptive during a time-critical cooking step.
These challenges raise a broader set of open questions that are key to adaptation

during collaboration.

o How should a robot estimate human state when people are working on multiple
tasks concurrently where attention, fatigue, and urgency fluctuate across sub-
tasks, and where these factors may have different relevance depending on the

current activity?

o How should a robot infer which tasks the human is actively working on, which

are temporarily suspended, and which are likely to be resumed?

o Given multiple ongoing tasks, how should the robot decide which tasks to assist
with and which to avoid interfering in, particularly when responsibility has not

been explicitly delegated?

e Over longer-term interaction, how should a robot learn which tasks a person is
comfortable handing off and which they prefer to retain control over, especially

when such preferences are implicit and may change over time?
These questions also complicate assumptions about communication.

e How should communication be conditioned jointly on the human’s estimated
state, such as being busy, in a hurry, or tired, and the current or anticipated

sub-task?

o How much communication should the robot expect during the collaboration, and

how should it adapt when feedback is sparse, delayed, or absent altogether?

e How should a robot update its internal models of human state, task priorities,
and preferences when explicit corrections or confirmations are unavailable or are

very sparse, relying instead on partial observation over extended interaction?
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Adapting to Multiple People

In many real-world settings, like homes and hospital rooms, robots can be expected
to collaborate with, more than one person [238]. In such unstructured environments,
people typically coordinate implicitly and task responsibilities evolve over time. For
a robot to become an effective collaborator in such settings, it must operate without
a fixed notion of who it is collaborating with or how work is divided, and must
dynamically adjust its behavior during the interaction.

When a shared task involves multiple humans collaborating, the robot’s adapta-
tion is no longer solely about adjusting its behavior to a specific individual’s needs.
It must decide who that adjustment should be oriented toward at a given moment.
Demands for assistance may arise concurrently, differ in urgency, or conflict with
one another. Therefore, the relevance of adapting to a particular person can change
rapidly based on recent actions, interruptions, or emerging task bottlenecks. At the
same time, collaborators often differ in skill, experience, physical capability, fatigue,
situational awareness, and preferred level of autonomy, with no single individual nec-
essarily possessing complete knowledge or capability for the task. Effective collabo-
ration may therefore require the robot to infer and aggregate information distributed
across multiple people while deciding where and how to adapt [3]. These human
states must be inferred and updated for several individuals simultaneously under
partial observability and time pressure, and may evolve at different rates in response
to different aspects of the interaction [89]. As a result, it is insufficient to rely on a
single shared model of human behavior or a fixed assignment of roles. Instead, the
robot must continuously allocate its limited adaptive capacity across people based on
ongoing interaction.

There has been very limited work about robots reasoning about adaptation in
such contexts. While task allocation and coordination have been widely studied in

multi-agent systems, these approaches typically assume structured task representa-
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tions, centralized coordination, or agents with known objectives [146, 290]. Such
assumptions do not hold in unstructured real-world collaborative settings involving
multiple people, where task allocation is often implicit and situational. At the same
time, most work on human-robot collaboration focuses on adaptation to a single hu-
man or assumes fixed roles or autonomy levels [244]. As a result, current adaptive
systems lack mechanisms for dynamically selecting which human to adapt to based
on observed need, context, or interaction history.

These challenges raise a number of interesting open questions.

e How should a robot infer, from ongoing interaction, which human currently

requires assistance and what form that assistance should take?

o How should adaptation be prioritized when multiple people stand to benefit

from different interventions at the same time?

« How can a robot maintain and update separate internal models for multiple
human collaborators that capture differences in skill, preferences, fatigue, au-
tonomy expectations, and communication style, while preserving distinctions

between collaborators during ongoing interaction?

7.2.2 Underexplored Adaptation Techniques
Causality and Causal Models

Despite progress in adaptation, explicitly causal approaches remain relatively uncom-
mon in physical human—robot collaboration. Most existing systems map observed
cues to robot actions without representing why a human believes a step will succeed
or how task components depend on one another. In complex real-world tasks, how-
ever, reasoning about the underlying cause—effect structure of a task can be critical.
Humans naturally reason in causal terms, constructing internal models of how ac-

tions generate outcomes and how sub-tasks constrain one another, and they often
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act by mentally simulating these structures [210, 245, 259]. Collaborative robots, in
contrast, typically respond to surface behavior without explicitly representing this
underlying structure.

Prior work shows that hand-crafted causal models provided by the human can
be incorporated into robot decision making under uncertainty, for example by using
causal structure as an approximate prior in POMDP formulations of object assem-
bly and troubleshooting, leading to improved planning performance in experimental
studies [28]. Related work further demonstrates that a small set of human-generated
causal models can support transfer to new but structurally related tasks, reducing
the need for task-specific data collection [27]. However, these approaches have largely
been studied outside the context of real-time physical collaboration.

Therefore, one open question is whether and how robots can infer, maintain, or
update a representation of a human partner’s causal model during an ongoing interac-
tion, and how such a representation could be used to support adaptation. If available,
causal models could help disambiguate human actions that are observationally similar
but causally distinct, such as whether a correction reflects a preference change, an
error recovery strategy, or a misconception about the task. Causal reasoning could
also support more targeted assistance and communication by allowing the robot to in-
tervene at the level of task structure rather than surface behavior, and by supporting
explanation and repair when coordination breaks down.

At the same time, making causal reasoning effective during physical collabora-
tion remains challenging. Inferring or updating causal structure, whether about the
physical task or the human’s internal causal model, during live interaction must be
performed under strict real-time constraints, limited opportunities for intervention,
and safety-critical requirements. Moreover, causal representations are often most
useful when they support communication about task structure or failure, yet explicit

causal queries risk interrupting task flow, while purely action-based implicit communi-
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cation may be difficult to convey causal intent. Understanding when causal reasoning
improves collaboration, and how lightweight causal models can be integrated into
adaptation to improve action selection, recovery, and selective communication with-

out increasing human burden or reducing fluency, remains an open research direction.

Generative Approaches: Vision-Language-Action (VLA) Models and Dif-

fusion Policies

While recent end-to-end approaches to robot action generation like VLA models and
diffusion-based policies have enabled impressive generalization across robotic tasks,
their role in adaptation during human-robot collaboration remains largely unex-
plored. VLAs provide a unified representation that combines perception, language,
and action, reducing reliance on explicit task decomposition or hand-engineered state
representations [173]. Diffusion policies similarly offer strong capabilities for gen-
erating continuous action sequences under uncertainty and have shown impressive
performance in manipulation and control [247, 58]. Together, these approaches aim
for the robot to learn flexible, general-purpose robotic policies.

In their current form, however, these approaches largely exclude the human from
the decision-making loop. Most work treats the robot as operating autonomously
without human intervention, with tasks specified through demonstrations or instruc-
tions and executed without modeling a human collaborator as an adaptive agent.
When humans are present, they are typically sources of offline data or static com-
mands rather than partners whose actions, preferences, and expectations evolve dur-
ing interaction [209]. As a result, current end-to-end models are difficult to apply
directly to human-robot collaboration, where adapting to human behavior is central.

There has been some very early work exploring how human feedback might be in-
corporated into vision-language—action models. For example, recent work has begun

to investigate how robots can use model uncertainty from VLA models to ask humans

200



for assistance [142]. However, these efforts remain preliminary and do not yet address
the broader challenges of collaborative interaction, such as reasoning about human
intent, handling ambiguous or partial feedback, or adapting behavior over extended
interaction. More broadly, widely used VLA models such as SayCan [6] and RT-2
[316] demonstrate strong language-grounded control, but still assume fixed policies
at deployment time and do not adapt to a human collaborator.

This omission of humans from the decision making loop of such generative ap-
proaches poses a key challenge for adaptation in HRC. End-to-end policies collapse
perception, reasoning, and action into a unified representation, without explicitly
modeling human actions, intent, or preferences. Without modeling the human, it is
tricky for a robot to distinguish between environmental variation and changes driven
by a human collaborator, or how it can adapt in response to human corrections or
evolving expectations. In this sense, the absence of explicit human modeling makes
existing end-to-end approaches poorly aligned with the requirements of collabora-
tion. At the same time, this limitation highlights why end-to-end models remain a
compelling direction for adaptation in HRC. A unified model that integrates percep-
tion, language, and action could enable adaptation that is grounded directly in the
same sensory and linguistic signals that humans naturally use during collaboration,
without relying on brittle task abstractions or manually specified interaction rules. If
extended to explicitly account for humans as adaptive agents, such models could of-
fer a principled way to couple perception, communication, and action in long-horizon
interaction.

These observations raise several open questions.

o How can end-to-end policies be extended to model humans as adaptive collab-

orators rather than a part of the environment?

o What internal structure or auxiliary representations are required to support

inference over human intent, preferences, or expectations?
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o Where should adaptation occur within an end-to-end system, whether through
conditioning, internal state, objectives, or policy parameters, while maintaining

stability and safety during interaction?

Communication further complicates these issues. Although language-conditioned
models can respond to instructions, it remains unclear how communication should
function as an adaptive signal during collaboration rather than a one-time task spec-
ification. Therefore, several open questions remain how communication between the
human and the robot should be modeled while using these generative models. For

example:

o How should an end-to-end policy interpret corrective or ambiguous human ut-

terances?

o How should it decide when to request clarification, when to act autonomously,

and when to defer in the absence of explicit feedback?
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Appendix A

Additional Methodological Details

For Chapter 3

A.1 Additional Details of the Case Study with a
Recycling Robot

This section explains in detail components of our system architecture. Figure A.2
shows our experimental setup highlighting the field of view of our three cameras.
Figure A.1 depicts the interaction flow of our experimental setup in conjunction with

the components of our system.

A.1.1 Custom End-Effector Attachment Design for the Stretch

RE-1 robot

The Stretch RE-1 robot [145] extracts items from the conveyor belt by either extend-
ing its telescopic arm to push objects off the conveyor belt or pulling objects towards
itself. The default gripper of the robot was not appropriate for removing recyclables

from the conveyor belt because of the slow nature of the servo motors used for en-
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Figure A.1: Interaction Flow with System Architecture: In our interaction flow,
a human selects some items from a given category from a conveyor belt. The system
estimates the similarity of each remaining item on the conveyor belt. Finally, the robot
selects objects most similar to the human-selected objects and sends a push/pull command
to the robot. Each colored zone (and its corresponding number code) shows the system
components deployed during different phases of the interaction flow.

gaging the grippers. Therefore, we designed and built a custom static attachment to
the end of the telescoping arm of the Stretch RE-1 robot (as shown in Figure A.3)
that allowed the robot to push or pull items from the conveyor belt. Our custom
end-effector attachment consists of a base plate with a divider across the middle of
two concave halves to help guide targets to the pull or push action and is mounted
onto the threaded shaft for the removed gripper. It is supported by a cover that slides

onto the servo motor on the arm and also clips onto the edge of the telescoping bar

for stability. We coat this attachment with sandpaper on all possible contact areas
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Figure A.2: Experimental Setup with Field of View of each camera highlighted

for enhanced grip.

Empirically, we found this attachment to be highly effective at removing most
kinds of objects. As shown in the supplementary video, the attachment would gently
guide the object to the nearest edge if the target objects were primarily on either half
of the belt. However, for highly deformed objects (like some heavily crushed cans or
bottles) or objects with a lot of protrusions (like trays), the objects could sometimes
get stuck on the attachment’s divider. Occasionally, this caused the robot to fail in

removing an object even when it attempted to remove the desired object.

A.1.2 Detection of Picked Objects

This module determines which objects are picked by humans in real-time. This mod-

ule has the following two parts:

1. Pick Event Detection: The system uses the MediaPipe real-time hand track-
ing API [302] to detect 21 2D landmarks on the user’s palm. These landmarks

were superimposed on the images. These images were then used to train a
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Figure A.3: Design of our custom attachment for pushing and pulling objects off the

conveyor belt
ResNet-18 [116] image classifier offline. The images are classified as either a
picking event, not a picking event, or none if there is no hand present in the
image. To train this model, we collected videos of 13 people picking items off
the moving conveyor belt to capture the different techniques people use to pick
up different objects. We labeled each frame manually as either a pick event,
not a pick event, or no hand present in the frame. The trained model predicts

a pick-event onset with 96% accuracy on the leave-one-out cross-validation set.

2. Identification of Picked Objects: To detect which object was picked by
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the person, we first ran inference on the belt images using the trained instance
segmentation model (YOLACT [35]) to identify each object’s position. We
then used the predictions of the trained pick onset detector described above
to identify the precise time when the person picks up an object. We use the
21 landmarks predicted on the person’s palm to draw a tightly fitted rotated
bounding box on their palm. Finally, we find an overlap between the rotated
bounding box over the person’s palm and each of the predicted object bounding
boxes in a few frames preceding the onset of Pick event to obtain an un-occluded

image of the object that was picked.

A.1.3 Hit Planner

We used our method to obtain similarity scores for all objects on the conveyor belt
within the camera’s frame situated between the robot and the human (Camera 2 in
Figure A.2). These similarity scores were then passed to the object removal algorithm
within the hit planner module to assign each object an associated “hit score" using a
multi-variable function. This score was maximized across all objects in the frame, S,
and one item was selected for removal by the robot.

For each object, our object removal action policy first determines the action se-
quence that would be most successful at removal given the object’s positioning relative
to the plate mounted to the end of the robot’s telescopic arm, as seen in Figure A.3.
The action space of the robot is comprised of either a pushing, pulling or avoiding
action sequence.

Given our removal actuation constraints, removing a target object may remove
other unintended objects, referred to as “casualties." To account for the possibility
of casualties, for every object, we approximated a region of collision using the speed
of the belt, vy, and the robot’s arm extension/retraction speed, vg.m,. The regions

of collision for every corresponding action sequence were two dimensional parallelo-
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(a) Scenario 1

(b) Scenario 2

Figure A.4: Visualization of Different Scenarios for the Hit Planner: a) In Sce-
nario 1, the removal of object 1 would inadvertently remove object 5, which has a relatively
low similarity score. The hit planning algorithm would negate the score contribution of
object 5 to object 1’s hit score as explained in A.1.3 and determine that object 4 by itself
has the highest hit score, thereby initiating a push action sequence. b) In Scenario 2, the
removal of object 1 would likely remove object 2, which has a relatively high similarity
score and would only increase object 1’s hit score as explained in A.1.3. In this instance,
the robot would target object 1 with a pull action sequence and target object 4 with a pull
action sequence once again after resetting the telescopic arm to a central position.
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grams extending from the push plate with inclination tan ! (%) All objects whose

bounding boxes overlap with this region have a removal probability proportional to
their percent overlap with the collision region.

Given a frame containing a set of objects .S, we perform optimizations that yield
the object with the highest push score, ¢,,s;, and similarly the object with the highest
pull score, ip,. If there are multiple objects in S it is possible for 4,,s, and i,,; to

be distinct. Therefore

1, = maX{ipush7 ipu”}

returns the single object 7, to be removed by the robot as well as the corresponding
action sequence request that should be sent to the robot’s onboard computer. For

the push action sequence, we optimized for

Rousn N R;
Gpush = max Lp,en (1) * |aysim; + Z C(j) * apsim; * o (M>

Similarly for the pull action sequence, we optimized for

Ry N R;
Gpuy = Max Ly (i) * [ sim; + E C(j) * arsim; * ag M
€S . <, ’R‘
JES i#j J

where aq and as are tuning constants, sim; represents the similarity score for

d |RputtNR;|

object 7, an R

represents the percent overlap of object’s bounding box, R;,
with the collision region R, 1,4, and 1,,; are indicator functions for assessing
whether a pull or push is necessary for given object ¢. If the position of an object ¢
is above the push plate of the robot relative to the belt, 1,,s = 1 and 1,,; = 0 and

vice versa for when 7 is situated below the push plate. We include a mapping function

C'(7) that either subtracts or adds the score contribution of a casualty i depending on
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whether or not the similarity score is above some predefined threshold Ty;,,.

Ci) =

-1 if simy; < Tyim
This is to ensure that we prioritize removal of objects that have a high probability of

removing objects that are similar to the human-selected objects.

A.2 Properties of the Dataset

It is challenging to develop a dataset that includes the enormous variety of recyclables
that a real Materials Recovery Facility (MRF) processes. For our research, we toured
such facilities and watched numerous videos documenting the composition of streams
at MRFs. Then, we worked to create a collection of objects representing a charac-
teristic sampling of recyclables typically seen in these facilities. More specifically,
we selected our set of over 500 unique objects that were diverse in category, mate-
rial, size, color, shape, deformability, reflectiveness, dirtiness, opacity, and density.
We deliberately excluded paper-based and glass-based recyclables because air pumps
and optical sorters typically remove these items reasonably well in a MRF. For our
experiments, we captured images of the selected objects under different lighting con-
ditions, orientations, and levels of motion blur on a moving conveyor belt, adding to
the diversity of our dataset.

The dataset was collected using three Intel RealSense D435i RGB-D cameras
mounted over the conveyor belt. We used our trained instance segmentation model
to run inference on the overhead camera stream at 1fps. The predicted instance
segmentation masks were converted to rotated bounding boxes, then cropped and
saved offline. The dataset was manually curated to obtain 1502 images of objects

across the ten categories whose distribution is shown in Figure A.5. Figure 3.4 shows
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some sample images from each of our categories in the dataset.
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Figure A.5: Data distribution in our offline dataset

A.3 Implementation Details for Our Method

To deal with memory and computational constraints, we resize each image to 128
x 128. We then stochastically apply three augmentations in the following sequence:
random cropping followed by resizing to original size, random color distortions, and
random gaussian blur. Finally, we train and evaluate our approach end-to-end on a
single NVIDIA GTX-3080ti GPU with the hyperparameters shown in Table A.1. We
use the same set of hyperparameters for the ablation studies as we did not notice
any significant variation in the results with changes in the learning rate, projection
dimension, instance temperature, or cluster temperature. We also studied the impor-
tance of loss weighting of the instance and the cluster losses (Aj,s and Ay, ). Similar
to Li et.al.[162], we obtained optimal performance when the losses were weighted

equally. We ran a hyperparameter search between 0.1 and 1 to determine the optimal
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weighting for the human-supervised 1oss (Apyman). We obtained the best performance

across all categories when Apyman Was 1.

Parameters Values

Learning Rate 0.01
Batch Size 64

Feature Extractor ResNet-18
Number of Epochs 100
Projection Dimension 128
Number of Clusters 10
Instance Temperature (Ti,s;) 0.5
Cluster Temperature (7.,,) 1.0
Instance Loss Weight (Ajs) 1.0
Cluster Loss Weight (Auy) 1.0
Human Supervised Loss Weight (Anuman) 1.0

Table A.1: Hyperparameters for Training Our Method

A.4 Design Considerations of Our Method

We wanted to design a system that enables a human to teach a robot partner the kinds
of objects that they are sorting with a few examples and that could be demonstrated in
the context of recycling in Materials Recovery Facilities (MRFs). In such facilities, the
human workers typically sort out one type of recyclables while adapting to variations
in task specifications and seasonal changes in the stream composition. Because of
how objects are handled in a MRF and the economic reality of the recycling industry,
one of our primary problem constraints was that the robot could quickly learn from
a limited number of examples of an object category provided by a human. The next

paragraphs explain each of our design considerations in detail:

1. Large object variety: In the recycling setting, the objects are not guaran-
teed to look constant through time because of the way they are handled, their
deformable properties, and the frequent introduction of new objects. For a stan-

dard supervised learning method to perform well at classifying these objects, it
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would require training models with large datasets to keep up with the perfor-
mance requirements. Therefore, we chose to approach this problem from a self-
supervised contrastive learning perspective, which could adapt to the changing
stream composition by constantly re-training in a more active learning fashion

with just a few new human labels.

We explored various state-of-the-art contrastive learning techniques for our work
and found that these techniques typically pass two stochastically augmented
views of the same image through an image classification network and a multi-
layer perceptron (MLP) to bring them close to each other in the embedding
space. These methods have been shown to learn very strong representations for
initializing large neural networks that perform a wide variety of downstream
supervised learning tasks like image classification, semantic segmentation, and
object detection [139]. However, since we wanted to learn a representation of ob-
jects such that similar objects were grouped in the embedding space, we needed
to take into account inter-instance similarity. We found contrastive clustering

[162] to be the best self-supervised method for learning object representations.

. Humans are unable to select all examples of a given category: In a
real-world recycling setting, where the conveyor belts are typically very crowded,
the human sorters cannot pick out all the objects that belong to a given cat-
egory. So, there could be objects left on the conveyor belt that belong to the
category of interest. This means that the robot would have to gain an under-
standing of the properties of the objects of interest to their human partner with
a limited number of positive examples but no negative examples. Therefore, we
designed the proposed human-supervised loss to force the features of the human-
selected examples to be close to each other in the embedding space. When the
human-supervised loss is jointly trained with the contrastive clustering objec-

tive function, the human-supervised loss guides the formation of clusters in the
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K Average F1 scores across all categories
2
8

0.820 £ 0.016

0.876 = 0.02
9 0.882 £ 0.02
10 0.886 + 0.017
11 0.883 £ 0.019
12 0.877 £ 0.02
15 0.867 £ 0.021
20 0.847 £ 0.018
50 0.828 £ 0.022

Table A.2: Impact of the number of clusters (K) on overall model performance

embedding space to be better aligned with human choices.

3. Real time training considerations: Theoretically, any image classification
network could have been used as a backbone for the contrastive learner. How-
ever, since we intended to use this model in real-time, we opted for ResNet-18
[116], which is lightweight and has been shown in the literature to be powerful

enough to learn good visual representations [54, 56].

A.5 Additional Results

A.5.1 Offline Evaluation Results
Impact of the Number of Clusters (K) in the Cluster Projection Head

We base our work on a self-supervised clustering algorithm, Contrastive Clustering
[162]. Thus, we are required to provide the number of clusters K as a hyperparameter
of the model. In the results presented in the paper, we defined the number of clusters
K to be the number of categories C to keep our evaluation consistent with the original
Contrastive Clustering paper [162]. However, our method does not need to know pre-
cisely how many pre-defined object categories are being observed; instead, a ballpark

amount suffices. To demonstrate this idea, we conducted an experiment showing that
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-2

(b) Our Approach

Figure A.6: Comparison of t-SNNE Visualization of the learned representations
on the offline dataset: a) t-SNE plot for the self-supervised contrastive clustering [162],
b) t-SNE plot for our approach. Images with yellow border denote the objects selected by
the human. In our approach, clusters for each category show better separation than the
contrastive clustering approach, and clusters are overlapping when an increasing number of
features are common.

215



the number of clusters (K) need not be precisely equal to the number of categories
(C). As indicated in the table A.2, if the number of clusters is significantly lower or
higher than the number of categories in the downstream task, there is a significant
decrease in performance. Otherwise, the performance of our approach is robust to

the value of K.

Qualitative Results

Figure A.6 shows plots of 10 clusters obtained by projecting the embedding vectors for
the points (128-dimensions) onto 2-dimensions using t-SNE for contrastive clustering
(Figure A.6a) and for our approach (Figure A.6b). In Figure A.6b, the images with a
yellow border show the human-selected objects. This shows that the clusters formed
as a result of our approach are more homogeneous and show good separation across
classes, overlapping only when an increasing number of features are common. For
example, in contrastive clustering (Figure A.6a), many crushed cans lie in the same
cluster as un-crushed cans if they are of the same color or with crushed bottles.
However, in our approach, most crushed cans get pulled into the same cluster when

the human provides examples of crushed cans.

A.5.2 Real Robot Evaluation

Figure A.8 shows some qualitative examples of similarity scores for every object on
the conveyor belt when the human trained our approach in real-time with 30 examples
of different types of objects. These results show that the similarity scores are closer
to 1 for the objects belonging to the category of interest, and the similarity scores are
lower for those not belonging to the category of interest.

Table A.4 shows the average number of True Positives, False Positives, False
Negatives, and True Negatives across all categories as our approach was trained with

10, 20, and 30 human-selected examples. These results show that the average number
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Experiment 1 2 3 4 5 6 7
Crushed Bottles 0.12 0.65 0.50 0.56 0.59 0.70 0.82
+0.00 =+0.02 =+0.06 =+0.01 =+0.03 +£0.03 +0.02

Intact Bottles 0.21 0.58 0.51 0.64 0.67 0.68 0.80
+0.00 +£0.03 +0.02 £0.01 £0.01 =+£0.02 =£0.03
One Gallon 0.14 0.76 0.64 0.73 0.68 0.81 0.84
+0.00 =+0.01 =+0.03 =£=0.01 =0.01 =0.01 =£0.02
Half Gallon 0.19 0.72 0.69 0.68 0.69 0.79 0.86
+0.00 +£0.02 £0.01 =£0.01 =£0.01 =+£0.02 =£0.02
Crushed Cans 0.35 0.73 0.65 0.78 0.73 0.82 0.84
£0.00 =£0.04 =£0.01 =£0.03 =+£0.03 =+£0.01 =+£0.02
Intact Cans 0.40 0.81 0.73 0.82 0.81 0.85 0.86

+0.00 +0.00 =+£0.02 =£0.01 =£0.01 =+0.02 =+£0.02
Brown Cardboard 0.13 0.74 0.71 0.75 0.84 0.89 0.94
+0.00 =+0.02 +£0.01 =£0.02 £0.02 +0.02 =£0.01
Coated Cardboard  0.05 0.87 0.37 0.52 0.80 0.91 0.98
+0.00 +0.05 +£0.03 =£0.02 =£0.01 +0.04 =+£0.02

Colored Bottles 0.08 0.91 0.71 0.77 0.64 0.93 0.93
+0.00 +0.01 =+0.01 =+0.00 +0.00 =+£0.02 =£0.00
Trays 0.06 0.68 0.56 0.55 0.66 0.98 1.00

+0.00 +£0.01 +0.01 40.01 40.01 =£0.01 =£0.00
Human Supervision Only
Instance Loss Only (SimCLR)
Cluster Loss Only

Instance Loss + Human Supervision
Cluster Loss + Human Supervision
Contrastive Clustering (Instance Loss + Cluster Loss)

Human Supervised Contrastive Clustering (Our Method)

Table A.3: Results of our Offline Evaluation (Accessible Version): Comparison of
F1 Scores with Baselines and Ablation Study aggregated over 3 human-selected pools per
category.
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5: Un-crushed Cans
6: Coated Cardboard
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Figure A.7: Impact of augmenting human supervision to contrastive learn-
ing (Accessible Version): Difference in performance between self-supervised learning
augmented with human supervision and the self-supervised learning model trained inde-
pendently for instance loss, cluster loss, and contrastive clustering, respectively across cat-
egories. Specifically, w.r.t. the experiment numbers in Figure 3 in the main paper, a)
represents Experiment 4 - Experiment 2, b) represents Experiment 5 - Experiment 3, ¢)
represents Experiment 7 - Experiment 6. (Best viewed on a PDF processor with zoom)
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Figure A.8: Sample Qualitative Results from our Robot System: Similarity scores
of objects on the conveyor belt obtained from our method, when the human trained the
system with 30 objects of type a) half-gallon milk jugs b) un-crushed cans

of True Positives and True Negatives increases with more human-provided examples.
In contrast, the average number of False Positives and False Negatives decreases as
the number of human-provided examples increases.

The main paper demonstrates the performance of the real robot by showing the F1-
scores of the robot system as the researcher picks 30 items in increment of 10. Figure
A.9 shows the accuracy of the robot system when evaluated in a similar fashion.
The robot’s accuracy improved by 3 points on average across categories for every ten

human-provided examples.

Number of Training Items 10 20 30
True Positives 13.44+4.94 15.2+4.31 16.8 = 4.73
False Positives 4.7+ 1.88 3.5£1.71 2.3+£1.33
False Negatives 5.8 4+2.93 4.942.23 4.2 +2.20
True Negatives 60.6 £16.61 69 £+ 13.07 69.4 +14.30
Precision 0.739 £ 0.07 0.814 £0.074 0.885 £ 0.058
Recall 0.706 =0.10 0.761 £0.074  0.806 £ 0.08
F1-score 0.715+0.05 0.782+£0.04 0.838 £0.03
Accuracy 0.87+0.04 0.908£0.02 0.929 4+ 0.02

Table A.4: Performance Statistics of our Method on the Real Robot System
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Figure A.9: Accuracy of Our Method in Real Time

A.6 Discussion

A.6.1 Additional Intuitive Explanation of Our Method

It is important to note that inductive bias is key for a machine learning model to
learn from just a few samples. In our paper, this bias is provided through the cluster
loss, which partitions the embedding space into a pre-specified number of clusters
that we hope represent object categories — though our approach does not enforce
this. Adding the human-supervised loss to the representation learning process helps
guide the formation of the clusters according to the human’s requirements. Worth
noting, that knowing the exact number of object categories that the robot needs to

handle in practice is not a requirement of our approach.
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A.6.2 Assumption about the Human Selecting One Category

of Objects

The assumption that a human would manipulate objects from a single object cate-
gory holds across many real-world Materials Recovery Facilities (MRF), which our
setup models. When we started this project, we visited a recycling facility to un-
derstand how each category of recyclables is sorted sequentially using a combination
of automated sorters and humans. At every stage in the sorting process, a particu-
lar category of recyclable was extracted from the stream using an automatic sorter.
The items of a given category missed by the automatic sorter were sorted by human
sorters who tried manually extracting the remaining objects on a fast-moving and
crowded conveyor belt. The human sorters are trained to extract only one category
of interest at a given time because some objects in the recycling stream are more
valuable than others. For example, after an automatic sorter has extracted most of
the paper from the stream, the human sorters would be tasked with extracting all
the remaining paper-based products. This would make the stream more uniform for
subsequent automatic sorters to remove a certain kind of plastic. In practice, though,
the human sorters may not be able to extract all the objects of the desired category,
which could lead to quality issues in the target end-product. Therefore, if a robot
were to assist a human sorter in sorting through a particular kind of object, the robot
would have to learn the properties of the objects that its human collaborator is inter-
ested in. Our work proposes a solution to this problem whereby the robot observes
the human picking up a limited number of objects from a single category and quickly

learns to distinguish these types of objects.
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Appendix B

Additional Methodological Details

For Chapter 6

B.1 BALI Prompts
You are DishGen, a cooking assistant. Analyze ingredient-fetching actions and
group them by category (fruits, vegetables, dairy, grains, tools). Think about
what food the human could be making based on their actions and preferences.
Preferences: {prefs_all}

Action History: {acts_all}

Think step-by-step and close with </think>. Inside <answer>< /answer> provide

one concise sentence summarizing: (a) the dish being made, (b) stage of completion,

(c) containers and ingredients “in play,” (d) next logical steps.

Valid Action Filter Prompt

System Prompt
You are DishGen, an English-only collaborative cooking assistant. Your job is to

answer YES or NO to whether a specific action is relevant to the current cooking
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task.

Consider:

e The human’s implicit intent summary, explicit preferences, and potential recipe
they could be making

e The action history already taken by the human

o Whether this action would logically advance their intended recipe by using the
ingredients, containers, and appliances the human has been using

» Cooking commonsense and logical next steps

o Container consistency — stick to what the human is already using

o Recipe-specific relevance — avoid actions that don’t fit the specific dish

Answer with ONLY "YES" or "NO" — no other text.

Optional context lines add explicit preferences, dislikes, and possible goals when
present.

Few-shot Examples

1. Human assembling in GLASS:

Context:

- Intent Summary: cold, layered snack

- Possible Goals: layered yogurt parfait, layered strawberry parfait

- Action History: get glass, get yogurt, get strawberry, pour yogurt glass

Q: Is "pour strawberry glass' relevant?  A: YES
Q: Is "pour strawberry bowl" relevant?  A: NO
Q: Is "pour strawberry pan' relevant?  A: NO

Q: Is "pour strawberry blender" relevant?  A: NO

223




Q: Is "get yogurt" relevant?  A: NO
Q: Is "get apple" relevant?  A: YES
Q: Is "get mixingspoon" relevant?  A: NO

Q: Is "get eatingspoon' relevant?  A: YES

2. Human assembling in BLENDER:

Context:

- Intent Summary: fruity blended dish

- Possible Goals: berry smoothie, chocolate smoothie, fruit juice

- Action History: get blender, get banana, pour banana blender

Q: Is "pour banana blender" relevant?  A: YES
Q: Is "pour banana glass" relevant?  A: NO

Q: Is "get blueberry" relevant?  A: YES

Q: Is "get eatingspoon" relevant?  A: NO

Q: Is "get mixingspoon" relevant?  A: NO

3. Human assembling in BOWL:

Context:

- Intent Summary: warm breakfast with grains
- Possible Goals: fruit oatmeal, porridge

- Action History: get bowl, get oats, get banana, pour oats bowl

Q: Is "pour banana bowl" relevant? A: YES

Q: Is "pour banana glass" relevant?  A: NO
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Q: Is "get yogurt" relevant?  A: YES

Q: Is "get mixingspoon" relevant?  A: YES
Q: Is "get eatingspoon" relevant?  A: YES
Q: Is "get blueberry" relevant?  A: YES

Q: Is "get rice" relevant?  A: NO

Goal Management Prompt

System prompt

You are DishGen, a cooking assistant.

TASK:

Given:

1. Human’s verbal preferences.

2. Human’s explicit dislikes and what they don’t want.
3. Human’s past cooking actions.

4. Actions and methods the human dislikes.

5. A summary of their intent.

6. Current proposed recipes.

7. Available ingredients: ingredients str

8. Available containers/appliances: containers_appliances__str

You must suggest NEW possible recipes they could be making.

RULES:
9. Use ONLY the listed ingredients, containers, and appliances.
10. Do not repeat or make very similar recipes to current ones.

11. Keep each recipe short (2-5 words).

12. Suggest only realistic, common recipes, that are not very eclectic or obscure,
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that people would actually make.

13. CRITICAL: Avoid recipes that use ingredients, methods, or actions the human
has explicitly said they don’t want.

14. CRITICAL: ONLY suggest recipes that are directly supported by the human’s
actual actions.

15. If no new valid recipes, return an empty list.

16. Output ONLY SINGLE LIST inside <answer> tags.

User prompt

Preferences: prefs_all.

DOES NOT WANT: negative_prefs_all.

Action History: acts_all.

DISLIKED ACTIONS: negative _actions__all.

Intent Summary: intent__summary.

Current Proposed Recipes: goals_ str.

Think step-by-step, then close your thought with </think>.

Within the <answer>< /answer> tags, produce the following:

Goals: Each goal recipe should be a concrete food item and not a description.
Ideally, a goal recipe should be several simple words, eg: fruit parfait, vegetable
stew, chocolate banana smoothie. Output a python list of strings, where each
string depicts a goal recipe the person could be currently making based on the
preference and action history that is not currently in the list of proposed recipes.
Do not suggest goals that are overly similar to existing goals. If no new goals are

suggested, output an empty list.

CRITICAL VALIDATION: Before suggesting any recipe, verify that the human’s

actions actually support making it.
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IMPORTANT: You MUST output your response in this exact format: <an-

swer>["recipe name 1", "recipe name 2'|</answer>

Few Shot Examples

Example A (Parfait/Fruit Salad):

Preferences: dairy-friendly

DOES NOT WANT: spicy food, hot dishes

Actions: get_bowl, get__strawberry, get_yogurt

DISLIKED ACTIONS: turn_on_ stove, use_ spicy ingredients

Intent: quick cold snack

Current Recipes: fruit salad

Available: Ingredients=[strawberry, banana, yogurt, granola, nuts]; Contain-
ers=[glass, bowl]; Appliances=|blender, pot, fridge]

non

<answer>["fruit parfait', "strawberry yogurt bowl'|</answer>

Example B (Pasta/Stew):

Preferences: vegetarian

DOES NOT WANT: meat, fish, dairy

Actions: get pot, add_tomato, add_ pasta, add__cheese

DISLIKED ACTIONS: get_meat, use_dairy_products

Intent: warm savory dish

Current Recipes: veggie stew

Available: Ingredients=[pasta, tomato, onion, kale, cheese|; Containers=[bowl];
Appliances=[pot, blender]

non

<answer>["tomato cheese pasta', "veggie stew"|</answer>

Example C (Negative/Correction):

Preferences: sweet breakfast
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Actions: get_bowl, get_milk, get_egg

Intent: morning meal

Current Recipes: fruit parfait, oatmeal

Available: Ingredients=|milk, egg, strawberry, flour|; Containers=[bowl|; Appli-
ances=|blender, pot]

<invalid>["pancakes', "waffles", "banana bread", "cookie’, "cake", "muffin", "choco-
late brownie']< /invalid>

Reason: Requires oven or skillet, which are unavailable.

non

<answer>|"banana smoothie", "oatmeal with fruit'|</answer>

Goal Likelihood Prompt

GOAL

Evaluate how likely each potential goal is based on the action and utterance history.

HISTORY
Actions:

{action__entries}

Utterances:

{utterance entries}

POTENTIAL GOALS

{goal entries}

EVALUATION CRITERIA AND SCORING RUBRIC

Criteria: Goal Likelihood, Evidence from Actions, Evidence from Utterances

Rubric: 1: Very Unlikely, 2: Unlikely, 3: Possible, 4: Likely, 5: Very Likely
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INSTRUCTIONS

For each goal, assign a numeric score between 1-5 based on the evidence from
actions and utterances.

Be conservative while scoring.

Output in the format:

Goal: <goal> : <score>

One goal per line, no additional text.

Attractor Field Based Scoring: Action—Recipe Scoring Prompt
GOAL

Evaluate each cooking action mapped to its recipe according to the criteria and
rubric.

Consider the interaction history when making your evaluation.

{history_section}

MAPPINGS TO EVALUATE (YOU MUST RATE ALL OF THESE)

{entries_text}

#EVALUATION CRITERIA AND SCORING RUBRIC
Criteria: {evaluation_ criteria}

Rubric: {rubric}

#CRITICAL INSTRUCTIONS
You MUST rate EVERY single mapping listed above. Do not skip any pairs.

For each mapping, assign a numeric score between the rubric bounds. Be
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conservative while scoring.
Evaluate each pair independently based on the evaluation criteria and the
interaction history.

Consider how well each action fits with the previous actions taken by the human.

REQUIRED OUTPUT FORMAT
Output EXACTLY one line for each mapping in this format:

Action: <action> -> Recipe: <recipe> : <score>

IMPORTANT: You must output {(pairs)} lines total, one for each mapping above.

Do not add any explanations, comments, or additional text.

B.2 Setup, Recipes and Preferences used in the

Collaborative Cooking Task

Table B.1: Recipes, ingredients, and appliances/utensils.

Recipe Ingredients Used Appliances & Utensils
Pastas
tomato cheese pasta tomato, pasta, cheese, oil blender, stove, pan, bowl,

mixing spoon, eating spoon

veggie red sauce pasta broccoli, carrot, cheese, oil, blender, bowl, eating spoon,

onion, pasta, tomato mixing spoon, pan, stove

chicken red sauce pasta tomato, pasta, cheese, oil, blender, bowl, eating spoon,

chicken mixing spoon, pan, stove
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Recipe

Ingredients Used

Appliances & Utensils

chicken red sauce veggie

pasta
veggie  white  sauce
pasta
chicken white sauce
pasta

chicken white sauce veg-

gie pasta

broccoli, carrot, cheese, oil,

onion, pasta, tomato, chicken

broccoli, carrot, cheese, oil,

onion, pasta

pasta, cheese, oil, chicken

broccoli, carrot, cheese, oil,

onion, pasta, chicken

blender, bowl, eating spoon,

mixing spoon, pan, stove

bowl, eating spoon, mixing
spoon, pan, stove
bowl, eating spoon, mixing
spoon, pan, stove
bowl, eating spoon, mixing

spoon, pan, stove

Stews

avocado cheese stew

chicken stew

avocado, tomato, cucumber,
lettuce, onion, cheese, salt,

water

chicken, cheese, salt, water

stove, pan, bowl, cup, mixing

spoon, eating spoon

stove, pan, bowl, cup, mixing

spoon, eating spoon

chicken veggie stew chicken, avocado, tomato, stove, pan, bowl, cup, mixing
cucumber, lettuce, onion, spoon, eating spoon
cheese, salt, water

Oatmeals

fruity chocolate oatmeal oatmeal, strawberry, blue- stove, pan, bowl, cup, mixing
berry, banana, chocolate spoon, eating spoon

chocolate oatmeal

fruity oatmeal

chips, salt, water

oatmeal, chocolate chips, salt,

water

oatmeal, strawberry, blue-

berry, banana, salt, water
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Recipe

Ingredients Used

Appliances & Utensils

plain oatmeal

peanut butter chocolate

oatmeal

oatmeal, salt, water

oatmeal, peanut  butter,

chocolate chips, salt, water

stove, pan, bowl, cup, mixing
spoon, eating spoon
stove, pan, bowl, cup, mixing

spoon, eating spoon

Smoothies

chocolate fruit smoothie

fruit smoothie

peanut butter oatmeal

smoothie

apple, banana, blueberry,
strawberry, chocolate chips,

sugar, water, yogurt

apple, banana, blueberry,
strawberry, sugar, water,
yogurt

oatmeal, peanut  butter,

sugar, water, yogurt

blender, cup, glass

blender, cup, glass

blender, cup, glass

Parfaits

fruit parfait

fruit chocolate parfait

fruit nut chocolate par-

fait

yogurt parfait

blueberry, apple, banana, oat-
meal, strawberry, sugar, yo-

gurt

blueberry, apple, banana,
chocolate chips, oatmeal,

strawberry, sugar, yogurt

blueberry, chocolate chips,
apple, banana, nuts, oatmeal,

strawberry, sugar, yogurt

oatmeal, sugar, yogurt

eating spoon, glass

eating spoon, glass

eating spoon, glass

eating spoon, glass

Salads

232



Recipe

Ingredients Used

Appliances & Utensils

avocado salad

pasta salad

veggie salad

fruit salad

grain salad

avocado grain salad

chicken salad

avocado, cucumber, kale, let-

tuce, onion, salt, tomato

cucumber, kale, lettuce,

onion, pasta, salt, tomato

cucumber, kale, lettuce,

onion, salt, tomato

apple, banana, blueberry,

strawberry

cucumber,  kale, lettuce,

onion, salt, tomato, rice, nuts

cucumber,  kale, lettuce,
onion, salt, tomato, rice,

avocado, nuts

cucumber, kale, lettuce,
onion, salt, tomato, rice,

avocado, nuts, chicken

bowl,
spoon
bowl,
spoon
bowl,
spoon
bowl,
spoon
bowl,
spoon

bowl,

spoon

bowl,

spoon

mixing spoon,

mixing spoon,

mixing spoon,

mixing spoon,

mixing spoon,

mixing spoon,

mixing spoon,

eating

eating

eating

eating

eating

eating

eating

Table B.2: Preference-to-Recipe Mapping

Preference

Recipes that Match

Reasoning

avocado-centric

avocado salad

233

avocado cheese stew; avocado grain salad;

contains avocado



Preference

Recipes that Match

Reasoning

blended

(smooth)

breakfast

carb-dense

chocolate fruit smoothie; fruit smoothie;

peanut butter oatmeal smoothie

chocolate fruit smoothie; chocolate oat-
meal; fruit chocolate parfait; fruit nut
chocolate parfait; fruit parfait; fruit salad;
fruit smoothie; fruity chocolate oatmeal;
fruity oatmeal; peanut butter chocolate
oatmeal; peanut butter oatmeal smoothie;

yogurt parfait

avocado grain salad; cheese pasta; chicken
red sauce pasta; chicken red sauce veggie
pasta; chicken white sauce pasta; chicken
white sauce veggie pasta; fruit chocolate
parfait; fruit nut chocolate parfait; fruit
parfait; fruity chocolate oatmeal; fruity
oatmeal; grain salad; pasta salad; peanut
butter chocolate oatmeal; peanut butter
oatmeal smoothie; tomato cheese pasta;
veggie red sauce pasta; veggie white sauce

pasta
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prepared in blender and
consumed as a smooth

drink

common breakfast for-
mats (oatmeal, smoothie,

parfait or fruit salad)

includes pasta, rice, oats

or added sugar



Preference

Recipes that Match

Reasoning

cheese-heavy

chilled

chocolatey

creamy

crisp

avocado cheese stew; cheese pasta; chicken
red sauce pasta; chicken red sauce veggie
pasta; chicken stew; chicken veggie stew;
chicken white sauce pasta; chicken white
sauce veggie pasta; tomato cheese pasta;
veggie red sauce pasta; veggie white sauce

pasta

avocado grain salad; avocado salad;
chicken salad; chocolate fruit smoothie;
fruit chocolate parfait; fruit nut choco-
late parfait; fruit parfait; fruit salad; fruit
smoothie; grain salad; pasta salad; peanut

butter oatmeal smoothie; veggie salad

chocolate fruit smoothie; chocolate oat-
meal; fruit chocolate parfait; fruit nut
chocolate parfait; fruity chocolate oatmeal;

peanut butter chocolate oatmeal

avocado cheese stew; chicken white sauce
pasta; chicken white sauce veggie pasta;

veggie white sauce pasta

avocado grain salad; avocado salad;
chicken salad; fruit salad; grain salad;

pasta salad; veggie salad
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cheese is a primary ingre-

dient

served cold and does not

require stove heating

contains chocolate chips

thickened with
cheese / cream sauce
on stove

raw salads with crunchy

vegetables or fruit



Preference

Recipes that Match

Reasoning

dairy-free

dairy-rich

fiber-rich

fruity

avocado grain salad; avocado salad;
chicken salad; grain salad; pasta salad;

veggie salad

avocado cheese stew; cheese pasta; chicken
red sauce pasta; chicken red sauce veggie
pasta; chicken white sauce pasta; chicken
white sauce veggie pasta; fruit chocolate
parfait; fruit nut chocolate parfait; fruit
parfait; tomato cheese pasta; veggie white

sauce pasta

avocado grain salad; avocado salad;
chicken veggie stew; fruit chocolate parfait;
fruit nut chocolate parfait; fruit parfait;
fruit salad; fruit smoothie; fruity chocolate
oatmeal; fruity oatmeal; grain salad; pasta
salad; peanut butter chocolate oatmeal;
peanut butter oatmeal smoothie; veggie

salad; veggie red sauce pasta

chocolate fruit smoothie; fruit chocolate
parfait; fruit nut chocolate parfait; fruit
parfait; fruit salad; fruit smoothie; fruity

chocolate oatmeal; fruity oatmeal
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contains no cheese or yo-

gurt

includes cheese and/or

yogurt

provides high-fiber foods
(oats,  berries, leafy

greens, broccoli, etc.)

contains apple, banana,

strawberry or blueberry



Preference

Recipes that Match

Reasoning

gluten-free

healthy-fats

high-protein

keto-leaning

avocado cheese stew; avocado grain salad;
avocado salad; chicken salad; chicken
stew; chicken veggie stew; chocolate fruit
smoothie; chocolate oatmeal; fruit choco-
late parfait; fruit nut chocolate parfait;
fruit parfait; fruit salad; fruit smoothie;
fruity chocolate oatmeal; fruity oatmeal;
grain salad; peanut butter chocolate oat-

meal; peanut butter oatmeal smoothie

avocado cheese stew; avocado grain salad;
avocado salad; chicken salad; peanut but-
ter chocolate oatmeal; peanut butter oat-

meal smoothie

chicken red sauce pasta; chicken red sauce
veggie pasta; chicken stew; chicken veggie
stew; chicken white sauce pasta; chicken
white sauce veggie pasta; chicken salad;
peanut butter chocolate oatmeal; peanut

butter oatmeal smoothie

avocado cheese stew; avocado salad;
chicken stew; chicken veggie stew; veggie

salad
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free of wheat pasta

features avocado, peanut

butter or nuts

provides chicken, peanut
butter, yogurt or abun-

dant cheese

no grains, rice, oats, fruit,

sugar or chocolate chips



Preference

Recipes that Match

Reasoning

layered

low-carb

low-fat

low-sodium

mineral-rich

nutty

probiotic-rich

fruit chocolate parfait; fruit nut chocolate

parfait; fruit parfait; yogurt parfait

avocado cheese stew; avocado grain salad;
avocado salad; chicken salad; chicken stew;

chicken veggie stew; veggie salad

fruit salad; fruity chocolate oatmeal; fruity

oatmeal; pasta salad; veggie salad

chocolate fruit smoothie; fruit chocolate
parfait; fruit nut chocolate parfait; fruit

parfait; fruit salad; fruit smoothie

avocado grain salad; avocado salad;
chicken salad; fruit salad; grain salad; veg-

gie salad

avocado grain salad; chicken salad; fruit
nut chocolate parfait; grain salad; peanut
butter chocolate oatmeal; peanut butter

oatmeal smoothie

fruit chocolate parfait; fruit nut chocolate
parfait; fruit parfait; fruity chocolate oat-
meal; fruity oatmeal; fruit smoothie; yo-

gurt parfait
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built in visible layers

excludes grains, rice,
oats, fruit, sugar, choco-

late chips

little or no cheese, yogurt,
avocado, peanut butter,

nuts or added oil

salt not listed among in-

gredients

contains kale, lettuce, av-

ocado or nuts

includes nuts or peanut

butter

contains yogurt (live cul-

tures)



Preference

Recipes that Match

Reasoning

raw-vegetables

vegetable-loaded

vitamin-rich

wheat-based

avocado grain salad; avocado salad;
chicken salad; grain salad; pasta salad;

veggie salad

avocado cheese stew; avocado grain salad;
avocado salad; chicken salad; chicken red
sauce veggie pasta; chicken veggie stew;
grain salad; pasta salad; veggie salad; veg-
gie red sauce pasta; veggie white sauce

pasta

avocado grain salad; avocado salad;
chicken red sauce veggie pasta; fruit choco-
late parfait; fruit nut chocolate parfait;
fruit parfait; fruit salad; fruit smoothie;
grain salad; veggie salad; veggie red sauce

pasta

cheese pasta; chicken red sauce pasta;
chicken red sauce veggie pasta; chicken
white sauce pasta; chicken white sauce
veggie pasta; pasta salad; tomato cheese
pasta; veggie red sauce pasta; veggie white

sauce pasta

239

all vegetables are un-

cooked

at least three different

vegetables

includes leafy greens or

fruit

uses wheat pasta



Preference

Recipes that Match

Reasoning

vegetarian

non-vegetarian

sweet

avocado cheese stew; avocado grain salad;
avocado salad; cheese pasta; chocolate
fruit smoothie; chocolate oatmeal; fruit
chocolate parfait; fruit nut chocolate
parfait; fruit parfait; fruit salad; fruit
smoothie; fruity chocolate oatmeal; fruity
oatmeal; grain salad; pasta salad; peanut
butter chocolate oatmeal; peanut butter
oatmeal smoothie; tomato cheese pasta;
veggie red sauce pasta; veggie white sauce

pasta; veggie salad

chicken red sauce pasta; chicken red sauce
veggie pasta; chicken stew; chicken veggie
stew; chicken white sauce pasta; chicken

white sauce veggie pasta; chicken salad

chocolate fruit smoothie; chocolate oat-
meal; fruit chocolate parfait; fruit nut
chocolate parfait; fruit parfait; fruit salad;
fruit smoothie; fruity chocolate oatmeal;
fruity oatmeal; peanut butter chocolate

oatmeal; peanut butter oatmeal smoothie
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contains no chicken

contains chicken

dominated by sweet in-
gredients (sugar, choco-

late chips or fruit)



Preference

Recipes that Match

Reasoning

savory

dinner meal

avocado cheese stew; avocado grain salad;
avocado salad; cheese pasta; chicken red
sauce pasta; chicken red sauce veggie
pasta; chicken stew; chicken veggie stew;
chicken white sauce pasta; chicken white
sauce veggie pasta; chicken salad; grain
salad; pasta salad; tomato cheese pasta;
veggie red sauce pasta; veggie white sauce

pasta; veggie salad

avocado cheese stew; avocado grain salad;
avocado salad; cheese pasta; chicken red
sauce pasta; chicken red sauce veggie
pasta; chicken stew; chicken veggie stew;
chicken white sauce pasta; chicken white
sauce veggie pasta; chicken salad; grain
salad; pasta salad; tomato cheese pasta;
veggie red sauce pasta; veggie white sauce

pasta; veggie salad
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primary flavour is savory

(cheese/veg/protein)

hearty savory dishes suit-

able for dinner



Preference

Recipes that Match

Reasoning

quick meal

vegetable-averse

avocado grain salad; avocado salad;
chicken salad; chocolate fruit smoothie;
fruit chocolate parfait; fruit nut choco-
late parfait; fruit parfait; fruit salad; fruit
smoothie; grain salad; pasta salad; peanut
butter oatmeal smoothie; veggie salad; yo-

gurt parfait

cheese pasta; chicken stew; chicken white
sauce pasta; chocolate fruit smoothie;
chocolate oatmeal; fruit chocolate parfait;
fruit nut chocolate parfait; fruit parfait;
fruit salad; fruit smoothie; fruity choco-
late oatmeal; fruity oatmeal; peanut butter
chocolate oatmeal; peanut butter oatmeal

smoothie

242

ready fast, no stove cook-

ing

contains none of the main
vegetables (broccoli, car-
rot, onion, cucumber, let-

tuce, kale, tomato)



Preference

Recipes that Match

Reasoning

kid-friendly

nut-free

avocado cheese stew; cheese pasta; chicken
red sauce pasta; chicken red sauce veg-
gie pasta; chicken stew; chicken veggie
stew; chicken white sauce pasta; chicken
white sauce veggie pasta; chocolate fruit
smoothie; chocolate oatmeal; fruit choco-
late parfait; fruit nut chocolate parfait;
fruit parfait; fruit salad; fruit smoothie;
fruity chocolate oatmeal; fruity oatmeal;
peanut butter chocolate oatmeal; peanut
butter oatmeal smoothie; tomato cheese
pasta; veggie red sauce pasta; veggie white

sauce pasta; yogurt parfait

avocado cheese stew; avocado salad; cheese
pasta; chicken red sauce pasta; chicken red
sauce veggie pasta; chicken stew; chicken
veggie stew; chicken white sauce pasta;
chicken white sauce veggie pasta; chocolate
fruit smoothie; chocolate oatmeal; fruit
chocolate parfait; fruit parfait; fruit salad;
fruit smoothie; fruity chocolate oatmeal;
fruity oatmeal; pasta salad; tomato cheese
pasta; veggie red sauce pasta; veggie white

sauce pasta; veggie salad
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mild, cheesy or sweet, no

strong veg chunks

free of nuts and peanut

butter



Preference

Recipes that Match

Reasoning

plain-flavor

soft-texture

fruit-only

no-cook

cheese pasta; chicken red sauce pasta;
chicken stew; chicken white sauce pasta;

tomato cheese pasta

avocado cheese stew; chicken stew; chicken
veggie stew; chocolate fruit smoothie; fruit
chocolate parfait; fruit nut chocolate par-
fait; fruit parfait; fruity chocolate oatmeal,
fruity oatmeal; peanut butter chocolate
oatmeal; peanut butter oatmeal smoothie;

plain oatmeal; fruit smoothie

chocolate fruit smoothie; fruit chocolate
parfait; fruit parfait; fruit salad; fruit
smoothie; fruity chocolate oatmeal; fruity

oatmeal

avocado grain salad; avocado salad;
chicken salad; chocolate fruit smoothie;
fruit chocolate parfait; fruit nut choco-
late parfait; fruit parfait; fruit salad; fruit
smoothie; grain salad; pasta salad; peanut

butter oatmeal smoothie; veggie salad
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5 or fewer ingredients,

mild seasoning

spoon-soft or smooth

includes fruit but no veg-

etables or nuts

prepared entirely without

stove



Preference

Recipes that Match

Reasoning

hot-dish

hydrating

portable

one-pot meal

avocado cheese stew; cheese pasta; chicken
red sauce pasta; chicken red sauce veggie
pasta; chicken stew; chicken veggie stew;
chicken white sauce pasta; chicken white
sauce veggie pasta; fruity chocolate oat-
meal; fruity oatmeal; peanut butter choco-
late oatmeal; tomato cheese pasta; veggie

red sauce pasta; veggie white sauce pasta

avocado cheese stew; avocado grain salad;
avocado salad; chicken salad; chicken
stew; chicken veggie stew; chocolate fruit
smoothie; fruit salad; fruit smoothie; grain

salad; pasta salad; veggie salad

avocado grain salad; avocado salad;
chicken salad; chocolate fruit smoothie;
fruit chocolate parfait; fruit nut chocolate
parfait; fruit parfait; fruit smoothie; grain
salad; pasta salad; peanut butter oatmeal

smoothie; veggie salad; yogurt parfait

avocado cheese stew; chicken stew; chicken
veggie stew; fruity chocolate oatmeal;
fruity oatmeal; peanut butter chocolate

oatmeal

245

requires stove cooking

high water content or lig-

uid serving

travels well, eaten cold/-
room temp with minimal

mess

full dish finishes in one

pan or pot



Preference

Recipes that Match

Reasoning

meal-prep

friendly

low-calorie

high-calorie

avocado cheese stew; avocado grain salad;
avocado salad; cheese pasta; chicken red
sauce pasta; chicken red sauce veggie
pasta; chicken stew; chicken veggie stew;
chicken white sauce pasta; chicken white
sauce veggie pasta; chicken salad; fruity
chocolate oatmeal; fruity oatmeal; grain
salad; pasta salad; peanut butter choco-
late oatmeal; tomato cheese pasta; veggie

red sauce pasta; veggie salad

fruit salad; fruit smoothie; veggie salad

avocado cheese stew; cheese pasta; chicken
red sauce pasta; chicken red sauce veggie
pasta; chicken white sauce pasta; chicken
white sauce veggie pasta; fruit nut choco-
late parfait; peanut butter chocolate oat-
meal; peanut butter oatmeal smoothie;
tomato cheese pasta; veggie red sauce

pasta; veggie white sauce pasta

246

keeps quality > 2 days;

reheats or serves cold well

< 250 kcal per typical

serving

> 400 kcal per serving



Preference

Recipes that Match

Reasoning

comfort-food

vegan

avocado cheese stew; cheese pasta; chicken
red sauce pasta; chicken red sauce veggie
pasta; chicken stew; chicken veggie stew;
chicken white sauce pasta; chicken white
sauce veggie pasta; fruity chocolate oat-
meal; fruity oatmeal; peanut butter choco-
late oatmeal; tomato cheese pasta; veggie

red sauce pasta; veggie white sauce pasta

avocado grain salad; avocado salad; fruit
salad; fruity oatmeal; grain salad; pasta

salad; veggie salad

warm hearty pas-
tas/stews  or  sweet

oat bowls

contain no meat, dairy, or

eggs

B.3 Implementation Details and Additional Statis-

tics
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Table B.3: Hyperparameters for Goal-Prediction Modules.

Parameter Value Notes

Data Handling

Train/test split test_size=0.2, Split per-goal sequence before dataset cre-
random_state=42 ation

Dataloader batch 8 Used for both train and test loaders

size

Collate  padding 0 Pads variable-length sequences in batching

token

Random-Forest Training

Estimators 200 trees Number of trees in the forest baseline

Random seed 10 Ensures reproducible initialization

Min samples per 2 Leaf-size constraint

leaf

Min samples per 10 Minimum samples to split internal nodes

split

Goal-State Inference

Filter strength 0.1 Smoothing for filtered transformer predic-
tions

Temperature reuse 1.5 Global temperature scaling during infer-
ence

Table B.4: Hyperparameters for MPC Tree Search and Action Filtering.

Parameter Value Notes

Global Search Limits

Tree depth (DEPTH) 2 Lookahead horizon for MPC expansion
N-gram horizon (N_GRAM) 2 Sequence length for heuristic pruning
Expansion width (TOP_K) 5 Candidate actions kept per node

Goal filter strength 0.5 Weight for goal-probability pruning
Question Scheduling

Minimum question cost 0.01  Lower bound on query utility
Maximum question cost 1 Upper bound on penalty for asking
Question interval 5 Steps between successive queries
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Table B.5: LLM Interface Hyperparameters and Defaults.

Parameter Value Notes

Model Selection & API Behavior

Small-model ID phi4-mini:latest Default local model for fast runs
Large-model 1D gemini-2.5-flash Remote model for stronger reasoning
Default model SMALL_MODEL Used unless overridden

Default temperature 0.0 Deterministic completions

Default top-p 0.0 Ensures no sampling

Max tokens (yes/no) 10 For binary responses

Max tokens (lists) 48 For short enumerations

Max tokens (text) 1000 For longer explanations
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