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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-speci ed 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 work ows. 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 prede ned, 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 speci cation, workspace geometry, and allowable interac-
tions are explicitly de ned 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 xed 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 e orts. 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: (Iferring intent from

observations of human behavipwhere 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 objectivesvhere 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 su cient 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 di erent 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 specic recipe, reaching toward an
ingredient in a shared workspace could re ect (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 di erent
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 Il in missing details. Directives like set up for the next
step specify an intended e ect 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 nal 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 di culty 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 di erent 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
rst 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
di erent 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
di erences justify updating its goal belief versus when they re ect 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
rst, second, and fourth contributions aim to address the challenge of inferring intent
from observations of human behavior. The rst contribution enables a robot to learn
task-relevant visual representations from sparse object selections so that a human-
de ned target category becomes separable for downstream classi cation. The second
contribution enables a robot to plan its actions that in uence humans to states in
their shared environment where di erent possible human goals predict meaningfully
di erent 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 underspeci ed directives, including cases
where the intended goal is not restricted to a prede ned 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-de ned 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 classi cation [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-speci c requirement. The resulting representation supports learning a clas-
si er 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 Ciritical Decision Points (CDP) as states in the environment where
the optimal policies for di erent 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 identi es 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 di erentiating 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 xed.

4. For inferring and acting under open-ended goals from underspeci ed
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 prede ned 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 in uence 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-
speci c visual concepts online from sparse positive feedback, allowing it to infer goals
even when they depend on arbitrary, user-de ned 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
di erent 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
Di erentiating Actions that enable the robot to e ciently 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 prede ned 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, e ective 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 omdaptationin human robot
collaboration, focusing on how robots update their behavior during interaction rather
than relying solely on pre-de ned 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),
speci cally 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 xed 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 hando s, 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 e ectiveness
as a collaborator depends on its ability to coordinate with the human partner in
real time [105]. Human partners introduce signi cant uncertainty through changing
plans, evolving preferences, uctuating 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 e ectively, leading to reduced uency,

interaction breakdowns, or safety risks.
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To support seamless collaboration, the robot requiresdaptation , the ability to
adjust its behavior during the task to accommodate the speci c 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]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
e ciency, especially in settings where human behavior varies or is di cult 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

12



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 Al and Roboticand Robotics: Science and
Systems (RSS)We then reviewed the reference lists of the identi ed papers to nd
additional relevant papers. Our search targeted paper titles and abstracts containing
the terms human robot collaboration human robot teaming or shared autonomyin
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, re ecting the unique demands of real-
time, co-located physical human robot collaboration.

We structure this review by rst 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 una ected 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 ow between the human and
the robot while working on a shared task, detailing how diverse cues inform speci c
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 modi ed 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 Ho man 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

Di erent approaches make di erent 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 di erent 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 in uences through its choices. Following Nikolaidis et. al's [195]
de nition, we call such approacheOne-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 a ect 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 approachédutual 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 e ects 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 di erent 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 in uence the human. This modeling assumption appears widely across
task domains and adaptation techniques. Despite the di erences 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 speci ¢ action choices.

A key modeling distinction within one-way adaptation is whether the robot treats
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the human as stationary within an interaction episode or allows for non-stationary
behavior. This distinction re ects 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 xed 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 xed 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 xed 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
aected [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 in uence how the
human behaves during the task and takes this into account when selecting actions.
Rather than treating human behavior as xed or independent, the robot reasons
about how di erent 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 e ective 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 e cient

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 in uence 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 in uence as a control problem where the robot in uences human behavior in
multi-step tasks [233].

Mutual adaptation has also been studied in collaborative planning and task alloca-
tion, where roles are not xed 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 uency 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 prede ned 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 in uence does not imply that both agents are always
actively adapting. A robot may reason about how its actions a ect 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 in uence 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 di er 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 a ect 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 tradeo s 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.
Di erences 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 rst 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 identi able 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, e ectively 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 adjusho
does what nextas 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 xed, 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-de ned 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 xed
while repeatedly re-optimizing trajectories under uncertainty about the joint traver-

sal strategy, trading o task e ciency 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 speci cation, 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 a ect how the human will act, so adaptation consists
of selecting robot actions that trade o immediate task progress against predicted
downstream coordination e ects. 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 in uenced by the robot. Prior work using this paradigm di er 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 insu ciency 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 di erently 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 xed

manner. These shared autonomy methods focus on inferring intent and interpreting
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inputs, but uent 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 uency 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 ow.

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
re ect 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 speci c issue. Subsequent work by
Bajcsy et al. [18] address this identi ability 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 e ciency. 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 di erent 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 di erences 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 o 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 uency.

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 re nes its expectations of human responses while improving alignment and
team uency. 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 in uence the partner toward strategies that support e ective 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 modi cations to how a pre-trained
policy or pre-computed plan is applied, such as switching roles, adjusting autonomy,
choosing among xed 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 re ects 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-speci ¢ variables such as trust, willingness to accept guid-
ance, or uncertainty about preferences. The common idea is that e ective 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 con dence. 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 xed 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 xed set of skills, but
it must decide which skill to execute next and when, because the human may choose
di erent steps or complete steps earlier or later than expected. For example, lonova
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 e ciency.
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.

29



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 exibility [136, 38]. On one hand, the robot
bene ts 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 di erent downstream mechanisms, combining learning with
planning or transient behavioral adaptation approaches.

The rst 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 di erent forms of hu-
man input from a learned stochastic policy's uncertainty and selects among assistance
modes online while accounting for the e ort 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 e cient 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
re ects the instruction. More recently, Cui et al. [65] extend this by incorporating
language corrections that re ne 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 patrtial
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

1Debasmita 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 e ectively. 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 a ect the burden placed on the human
partner and shape the tradeo s between uency, 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 di erent 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 o er appropriate levels of assistance [110, 188]. Changes in movement speed,
trajectory, or applied e ort 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 su cient 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 nishing 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 speci c action
best supports the task. As a result, timing-based cues are most e ective 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 clari cation and intent disam-
biguation in situated collaboration, where instructions are often partial, evolving, or
under-speci ed [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
di er 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 insu cient 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 di er 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 in uence 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 e ective,
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 clari cation.

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 insu cient 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 e ective 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 e ectiveness of explicit communication depends strongly on how it is used.
Poorly timed, overly detailed, or weakly relevant messages can interrupt task ow
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

uency 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,
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and deciding how and when to respond. Third, there is time and e ort spent on com-
munication, such as responding to interruptions, providing con rmations, resolving
misunderstandings, or correcting mistakes. This perspective is consistent with work
in psycholinguistics that treats communication as a form of collaborative e ort, 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 e ort than if they had been addressed earlier. This tradeo is well captured
by grounding theory, which predicts that limiting exchange can reduce short-term
e ort, but that insu cient 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 ow or adds unnecessary mental e ort. 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 re ects a similar pattern. Additional information
can improve understanding and con dence 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 e ective
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
su cient information to maintain shared understanding. This pattern aligns with
the principle of least collaborative e ort, 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 e ectiveness [275].

Taken together, communication during collaboration should be treated as a re-
source that must be managed, rather than something that is always bene cial 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 tradeo s motivate adaptive approaches that remain unobtrusive when the task
and workspace provide su cient 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, re ecting 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, rst 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, uency and e ciency, 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-
ed con guration, 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,
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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 xed-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 in uencing 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 identi able subtasks, hando s,
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 prede ned work ows 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 re nishing, 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 e ort, 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 a ect
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
di erent types of metrics that capture complementary aspects of the interaction. The

metrics summarized below re ect both objective and subjective measures, including
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e ciency and uency 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 de nition of a successful trial di ers 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 re ect 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 de ned 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 de nitions 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 ner 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 re ect coordination
guality 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 e ciency [223, 133, 98, 201]. In shared
autonomy settings, success is usually de ned as completing the task under partial
assistance, but it is rarely meaningful in isolation because assistance policies can
trade o 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 re ect 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 speci c value of return, since very di erent behaviors can yield similar re-
turns. For this reason, reward based evaluations are typically most informative when
paired with outcome speci ¢ measures such as intervention frequency, safety stops,

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

Measures of collaboration uency and e ciency are often inseparable in evaluation be-
cause both ask whether the interaction proceeds smoothly with minimal coordination
overhead, not just whether the team nishes. Following Ho man's [120] framing, a
common strategy is to quantify ine ciency that is induced by interaction itself, such
as waiting, avoidable hando s, and delays introduced by miscoordination. There-
fore, work involving a robot o ering 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, e ciency 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 e ciency
only when it prevents downstream errors or wasted work. Similarly in fault recovery
systems, e ciency is often re ected 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 ine ciency in long horizon
tasks [152, 32, 184, 7]. Systems that rely on more targeted help requests measure
e ciency 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, e ciency is frequently framed

as avoiding delays under uncertainty. As a result, they report improvements in com-
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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, e ciency is sometimes
evaluated through deviation from nominal motion or path length, to ensure that the
planned path satis es both the task constraints and is safe around the human's close
proximity [136].

Several works in shared autonomy treat e ciency as reducing the amount of hu-
man e ort 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 e ciency
indicators, since a method that requires fewer corrections to reach the same success
level is e ectively reducing coordination overhead during execution [65, 38]. Work
that evaluates trust aware autonomy also sometimes use intervention rate as a proxy
for collaboration e ciency, 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 o 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. Itis typically used as a post-

hoc measure to gauge the cognitive e ort 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 di ering 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 specic interaction events without additional
task-speci ¢ metrics [69, 223, 84].

Physical e ort 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 e ective [214].

In other work, evaluations use measurable signals that re ect 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 e ort 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

e ort 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 e ector 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 de nition 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' con dence 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 e ciency [231].

Subjective Experience

Prior work has used subjective measures when it is useful to study aspects of in-
teraction that are dicult 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 1

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 di erent assumptions about the human partner, di erent interaction
structures, di erent adaptation targets, and di erent 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 de ned implicitly by a human's choices and only a few positive examples are
available. Speci cally, 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

IPortions of this chapter were published as:Ghose, D., Lewkowicz, M. A., Gezahegn, K., Lee, J.,
Adamson, T., Vazquez, 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 simpli ed
recycling-sorting setting with a physical robot, demonstrating sample-e cient learn-

ing of human-de ned 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 classi ers
suitable for the task of interest. For example, imagine a home robot meant to help
a person clean her room. One might think of de ning 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 oor? These kinds of tasks require learning
from the human what object category is relevant. Since these categories can be
de ned 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 classi er 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: Simpli ed 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 signi cant 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 classi cation, 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 classi er
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 di erent 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 simpli ed 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 o ine 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 o ine dataset. Finally,
we deploy our proposed learning method in real-time on a robot working alongside a
human in the simpli ed 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
di erent 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 e orts 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 di erent clusters while maximizing agreement between objects

belonging to a cluster.
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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 re ects 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 rst to show how human feedback can be leveraged to learn visual
object representations tailored to dynamic human-de ned 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 eld 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 e orts 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 an€ be the total
number of human-de ned categories such that a given category2 {1,..., C}. As a
property of our problem, a human selects a set of itentd such thatH X and all
objects inH belong to a given human-de ned categorg. 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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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 imagex, the base encoder outputs a feature vector, such thaty = f (x).
Therefore, if two stochastic augmentations of an image are denoted yand x;, their
feature representations can be denoted by = f (x;) andy; = f (x;). Additionally, if

Xy Is an image inH, then its feature representation isy, = 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 rst augmentation y;, its representation after passing through the Instance
Projection Head isz; = h(y;) (Similarly, for the second augmentationz; = 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 exampldsg j ) constructed from two
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augmented views of the same image, the instance loss w.r.t. the rst augmentation

is formulated as:

exp Sim zi;z; =ins

1. = logp :
" K1 Likeiy €Xp SiM(zi; Zk) = ins

where N is the number of all positive pairs in a mini-batchsim(u;v) = j‘;;j\‘,’j is the

cosine similarity between the feature vectors, antifk 6 i] 2 f 0; 1g, which evaluates

t0li k6 i. WeuseLin = 5t P N (1B + 15 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 di erent
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-de ned clust€ks), which
should be approximately equal toC. Intuitively, the cluster projection head tries to
partition the embedding space into a pre-speci ed number of clusters based on the
inter-instance similarity between object features. For an encoder representation of the
rst augmentation of an imagey;, the latent representation after passing through the
cluster projection head i = g(yi) (Similarly, for a second augmentationg, = g(y;)).
Let C; 2 RN K be the output of the Cluster Projection Head for a mini-batch oN
images under the rst augmentationi. Then, the n" element in the output C; can
be interpreted as its probability of belonging to thek"" cluster, wherek 2 [1; K] can

be denoted byCi”;". Thus, & 2 RN can be interpreted as the column vector of;

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

exp sim €€ =y

11, = logp .
cu k-1 Lkeiy €XP Sim(ei; &) = au

59



where , is the cluster-level temperature parameter. Finally, the cluster loss com-
puted by traversing all K clusters is

1%0

R E{u+ ljc:u) H(Y);

Lou =
k=1

where H(Y) = P k.1 (P(&)logP(e) + P(g)logP(g)) is the entropy of cluster

P n .
N1 ig;- The entropy term helps avoid the

assignment probabilities andP (g) =
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 humay. Formally,
let Y, 2 R"P  be the representation learned by the base encoder across all objects
selected by the humanid X ) and D be the latent dimension of the base encoder.
Additionally, let 2 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)(through the
base encoder to get their feature representatiory{ = f (xn)). If previously there

were s human-selected objects and the human seledtsiew objects, we re-calculate

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

P
h S+ W
S+t

oO

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:
Lhuman =  dist( g;Yh)

Theoretically, any distance metric ¢list) 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 nal objective function that we use

to train our model:

L= insLins * culcut human Lhuman

where s > 0; ¢y > 0, and yman > 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 o 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 categoriesrushed metal cans,

un-crushed metal cans, crushed plastic bottles, un-crushed plastic bottles, un-crushed
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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 boxes, 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 o the conveyor belt.

3.5 O ine Evaluation

3.5.1 Data Collection

For evaluating the system o ine, 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 di erent 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 F1-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-5 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 F1-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
speci ed 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 e ectively learns to classify instances when
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