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Fig. 1: We propose Engagement-aware MPC (E-MPC), a human-in-the-loop framework for robotic systems that explicitly models user
engagement. E-MPC involves users in the robot’s decision-making not only when user’s assistance is needed, but also when interaction is
desired to sustain user’s preferred engagement level throughout the task.

Abstract—Conventional human-in-the-loop approaches typically
involve users only when a robot encounters failure or uncertainty,
treating humans primarily as tools to improve robot performance.
However, in many human-centered robotics settings, interaction
should support user engagement, keeping users meaningfully
involved in decision-making rather than limiting them to failure-
driven interventions. For many users, this cannot be achieved
through limited, failure-driven interaction alone. This is particu-
larly compelling in physical caregiving, where mobility limitations
can reduce users’ ability to intervene or modulate the robot’s
behavior in the moment. As a result, interaction policies that
engage users only upon failure may further reduce engagement by
relegating users to passive observers for long stretches of the task.
For example, a user with mobility limitations may experience
reduced engagement when being continuously and passively fed
by a robot. At the same time, overly frequent interaction can be
tiring and increase the user’s workload.

To address this trade-off, we propose Engagement-aware MPC
(E-MPC), a user-engagement-aware method that plans interaction
to maintain engagement while respecting a workload constraint.
E-MPC leverages a user interaction dynamics model that captures
how user engagement evolves as a function of both the frequency
and type of interaction. Rather than requesting input only when
difficulties arise during task execution, the robot proactively
considers the user’s preferred level of engagement throughout
the task, balancing autonomy and interaction while ensuring
task success. We evaluate E-MPC in simulation with several
ablations and baseline comparisons. Baselines optimize for task

success alone or jointly for user workload and task success.
Results demonstrate the effectiveness of our approach across
diverse user personas. In addition, we conduct a real-world user
study with participants with emulated mobility limitations on
a robot-assisted bite acquisition system, showing that E-MPC
improves user experience while maintaining task success. Website:
https://emprise.cs.cornell.edu/empc

I. INTRODUCTION

Human-in-the-loop robotic policies has traditionally been
motivated by the goal of improving the robustness and reliability
of autonomous robot policies. In such settings, human guidance
can help provide feedback [36, 35, 41] or assist with difficult
perception and control challenges [32, 19, 23]. As robots
become more capable, these human-in-the-loop mechanisms
are increasingly being deployed in human-centered applications
like caregiving and household robots, where failures can be
costly and reliable execution is essential.

Despite these advances, current interaction strategies are
often designed from a robot-centric perspective: the human is
consulted mainly when the robot requires additional information
to complete an action successfully. In many household or
assistive tasks where the human is involved, the quality of
robot’s assistance is shaped not only by task success and failure
recovery, but also by how the person experiences the process
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[3, 6]. This is particularly critical in caregiving applications,
where maintaining engagement helps preserve a sense of agency
and long-term acceptance of robotic assistance. For example,
during robot-assisted feeding, users may prefer to shape how
the robot picks up and delivers food, rather than passively
receiving continuous robot autonomy [3]. However, meaningful
interaction must be balanced carefully: interaction that is too
sparse may leave users disengaged, while interaction that is
too frequent can increase user workload [1]. This tension is
especially pronounced in long-horizon tasks, where the robot
repeatedly makes decisions over time and the user’s preferences
for engagement vary across individuals and circumstances.

In this work, we propose Engagement-aware Model

Predictive Control (E-MPC), a framework that explicitly treats
user engagement as an objective during task execution. Rather
than viewing interaction solely as a mechanism to resolve
uncertainty, E-MPC enables the robot to proactively decide
when and how to involve the user in order to maintain a
desired level of engagement throughout the task. Our approach
leverages a predictive model of interaction dynamics, capturing
how engagement evolves based on both the frequency and
type of interaction, while also enforcing constraints on user
workload and task success. E-MPC provides a principled way
to balance autonomy and interaction in long-horizon tasks. In
general, our contributions are:

« A human-in-the-loop framework for robotic systems that
jointly reasons about user engagement, user workload and
task success to improve user experience.

« An interaction dynamics model that models user engage-
ment as a function of interaction frequency and type.

« Extensive evaluations of the framework both in simulation
with different personas and on a real robot-assisted bite
acquisition system through an in-lab user study with
participants with emulated mobility limitations.

II. RELATED WORKS
A. Engagement in Human-Robot Interaction

Prior research in Human-Robot Interaction has highlighted
the importance of sustaining user engagement in long-horizon
interactions [29, 21, 9, 37]. Studies suggest that engagement
can diminish over time without deliberate interaction design,
even when robotic task execution remains successful [9, 14, 24].
Engagement has also been linked to a user’s sense of agency [6,
39, 12] - the perceived ability to influence ongoing outcomes -
which has been shown to support psychological well-being [33]
and acceptance of assistive technologies [7, 27]. In addition,
in assistive robotics, users can prefer meaningful involvement
in robot decision-making over full autonomy [26], valuing a
sense of control even when it may reduce task efficiency [3].

A related line of work focuses on recognizing and detecting
engagement during interaction [31, 25, 34]. However, these
approaches do not model engagement as an objective that
can be actively shaped in long-horizon tasks. More closely
related to our work, Del Duchetto and Hanheide [8] consider
engagement in interaction planning, but aim to maximize

engagement inferred from sensory input. In contrast, we
regulate engagement toward a user-specified target and model
it as a continuous state governed by engagement dynamics. Our
work thus introduces a principled engagement-aware interaction
planning framework that treats engagement as a controllable
objective.

B. Human-in-the-loop Robotic Policies

Most human-in-the-loop robotic policies seek human as-
sistance when the robot is uncertain about how to complete
the task or encounters execution failure [36, 19, 32, 23, 35,
41, 20, 30, 22, 40]. In the DAgger line of work [32, 19, 23],
the human expert is iteratively queried for good actions on
challenging or out-of-distribution observations. In [35, 20, 30],
users provide corrective feedback to the robot policy to help it
complete the task. Recently, some work extends the human-
in-the-loop framework to jointly optimize task success and
human workload, recognizing that excessive querying can
increase users’ workload [1, 2]. However, these methods do not
explicitly incorporate user engagement objectives into policy
optimization. In contrast, our method models and optimizes
for user engagement in an MPC framework.

Another line of human-in-the-loop robotic policies is shared
autonomy, which blends continuous human inputs with au-
tonomous robot control [15, 11]. While these approaches
operate at the control level, our setting instead considers a
higher-level interaction planner that selects from a discrete set
of query actions.

III. PROBLEM FORMULATION

We investigate the problem of achieving successful task
completion with the robotic systems while ensuring bounded
user workload and optimizing user engagement toward a desired
engagement level. The robotic systems considered in this work
are designed to accomplish specific tasks with a human user
involved. At each time step, the robot may either query the
user for input or proceed autonomously.

We assume access to a skill library S = {¢*, ¢?,... ¢V}
consisting of /V skills that the robot can use to complete the task.
Task execution involves a planner that produces a sequence
of skills over discrete time steps ¢t = 1,2,...,7 to achieve
the goal. Each skill ¢! executed at time ¢ is associated with
a confidence value ¢; = C(¢%,0;) € [0, 1], where o; denotes
the observation at time ¢ and C is the confidence estimation
function. Larger values of ¢; indicate a higher likelihood of
successful skill execution. If a skill execution fails, the system
may retry up to 7, times.

In our human-in-the-loop robotic system, the robot may
interact with the user by selecting an interaction action q; €
Q, where Q denotes the finite set of available query types.
Because the robot may also choose to proceed autonomously
without querying the user, this set includes a no-query action
represented by the zero vector 0 = [0,0] € Q. Each query
action is parameterized by a two-dimensional vector q; =
[9d,t, Grd,t], where gq, denotes the query difficulty and ¢4
denotes the query response difficulty.



Each skill ¢’ is associated with a set of task-assistive query
types, Q*15t:¢" C Q. which provides functional user input
that can directly help the robot successfully executing the skill
under uncertainty. For example, in a bite-acquisition system,
when the autonomous policy is highly uncertain about where to
skewer a food item, a drawing-based query that asks the user to
indicate the skewering point on an image can directly support
the successful execution of the skewering skill. In addition,
each skill ¢° is associated with a set of feasible query types,
Qfeas:¢" C Q) representing all task-relevant queries that the
robot may ask during execution. This feasible set includes the
task-assistive queries, Q549" C Qfeas:9" "ag well as queries
that may increase user engagement but do not really help the
robot complete the task. For instance, the robot may ask “fake”
queries, such as asking the user about the shape of a food item.
These interactions can enhance engagement but do not affect
execution of the skewering skill. At each time step ¢, before
executing skill ¢, the robot can either ask a query by selecting
qr € Q5% or execute the skill autonomously (q; = 0). If a
query is asked, the user provides a response, and the robot may
incorporate this information to carry out the skill. We denote
the time steps at which the robot issues a query (q; # 0) by
{tp}E_,, where t, € {1,...,T}, K <T.

Finally, we represent user workload at time ¢ as w; € [0, 1],
and user engagement as g € [0,1]. The user’s desired
engagement level is denoted by gqes € [0, 1].

IV. APPROACH
A. Interaction Dynamics Modeling

1) Engagement-Related Interaction Variables: We hypothe-
size that user engagement is related to:

e Query response difficulty g¢,;.: This represents the
different response difficulties of a robot query. Different
query response difficulties can lead to different engage-
ment outcomes. We consider two types of query response
difficulties: (a) the response difficulty of a multiple-choice
question, for example, asking the user to choose one
skill from multiple skills (b) the response difficulty of a
drawing-based query, for example, asking user to draw
action points or a bounding box on an image.

o Query frequency J;: This represents the time gap between
queries. Specifically, §; = seconds_per_timestep x (t —
t1.), represents the time gap in seconds between the current
time step ¢ and the time step ¢ which the previous query
happened.

2) Interaction Dynamics Model: Inspired by the above two
variables, we treat engagement ¢g; as a latent internal user state
that is not directly observable, but estimated online through
interaction outcomes and calibrated query impacts. We model
the interaction dynamics as:

gt = e_/\gétgtk + (1 - e_)\gét)kqﬂiq’l‘d,h

(D
where
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and Ay > 0 is the decay rate. g;, denotes the engagement level
at the most recent timestep ¢; when a query action was issued.
The operator wyesp, = [0, 1] projects the interaction action q; =
[9d.t, gra,t] € Q onto the query response difficulty component
Grd,t- kq,, denotes an one-to-one mapping from query response
difficulty ¢,q,. to query impact values in [0, 1], which capture
the immediate engagement boost induced at the moment of
interaction. In real-robot experiments, this mapping is obtained
through a user-specific calibration process conducted before
the user study. When no query is issued at time ¢, i.e., q; = 0,
the immediate engagement boost kg, ,grq,+ evaluates to zero,
and engagement evolves purely via decay.

The proposed interaction dynamics model exhibits several
key behavioral characteristics:

« Engagement evolves as a combination of discounted prior
engagement level and instantaneous engagement impulse.
The effect of query frequency d; is captured through the
discounting of prior engagement. The effect of query
response difficulty g,q,; is encoded in the instantaneous
engagement impulse.

o Older interactions gradually fade, while recent ones exert
greater influence, reflecting the temporally evolving nature
of engagement [38, 28].

« Different query response difficulties lead to different query
impacts, which aligns with the finding in [4, 10]. The
engagement level is bounded by the range of the query
impacts.

We can summarize the parameter A, has the following roles:

It controls the relative weighting between previous engagement
level and the instantaneous engagement impulse. A larger A,
means less persistent engagement memory and more sensitive
to current engagement impulse. A smaller A\, means more
persistent engagement memory and less sensitive to current
engagement impulse.

B. User Workload Modeling

Following [1], we directly adopt a linear discrete-time user
workload model:
H—-1
wy = Ywinis + »_ Wi qi—; + wo
j=0
where ~ywiy,i, is the weighted initial workload, q;—; =
[9d,t—j, qrd,1—j] 18 the interaction action happened j time steps
in the past, w; represents the effect of the interaction action
qi—; € Q on the workload at the current time ¢, H is the
length of the interaction history the workload model considers,
and wg is a bias term.

3

C. Engagement-aware MPC

Given a robotic system, we aim to ensure task success
while bounding user workload and optimizing user engagement
toward a user-specified desired engagement level. This prob-
lem is challenging due to the subjectiveness in engagement
and workload modeling, as well as the noise in the user’s
stated engagement preference. We address these challenges
by formulating the problem as a model predictive control
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Fig. 2: E-MPC framework. E-MPC proactively issues user queries to regulate engagement g; toward a user-specified desired level gges
throughout task execution. By predicting the engagement effect of different query types, E-MPC selects interactions that provide engagement
boosts while keeping user workload w; bounded. When task success is at risk (low confidence C(¢}, 0:) and retries exhausted), the controller
requires task-assistive queries, and replans in a receding-horizon manner.

(MPC) framework that jointly reasons about task success, user
workload, and engagement level, while allowing the user to
correct their engagement preference g4.s online. The MPC
optimizes over interaction actions q; € Q only; task-level
skills are provided by an external planner.

1) State Variables and Control Input: To reason about user
engagement and user workload, the controller maintains three
state variables:

gt € 10,1], gdes € [0,1], wy € 0,1].

g: captures the current estimated user engagement level at time
t, gdqes 1s the desired user engagement level specified by the
user. We assume that g4.s remains fixed over each MPC rollout,
but may be updated between rollouts based on user feedback.
wy is the estimated user workload. The dynamics model of g,
and w; are explained in Sec. IV-A and Sec. IV-B. The control
of the MPC controller is the interaction action q; € Q.

2) User Desired Engagement Level: The user desired
engagement level gq4.s is a self-reported preference, which
specifies how actively the user wishes to participate in decision-
making during the interaction and serves as the target engage-
ment level g4es for the system. Users can specify gges prior
to the robot system rollout and update it during the rollout.

3) Engagement Tracking Cost: At prediction step [, let g;4;
be the predicted engagement state. The MPC cost is

Jg = (gdes - gt+l)2 (4)
This term encourages the estimated engagement level g;; to
track the desired engagement level gg4cs.

4) Task Success Constraint: A task-related constraint is set
to ensure the successful completion of the task. At prediction
step 1, the confidence of the skill to be executed is C(¢}_, ;, 0441).
When this confidence fialls below a threshold 7., and the current
number of retries rf "t of the skill reaches the maximum
allowed number of retries 7,, the robot is required to seek user
assistance. Otherwise, the robot may either select any query

from the feasible set Q/¢**%t or proceed autonomously without
querying the user. Accordingly, we impose the following
constraint on the interaction action:

QaSSISt7¢:+la if C(QZS;_H, Ot+l) S Te
and rf o
Qfeas:®iii J {0} otherwise.

5) User Workload Constraint: To avoid making the user
feel overwhelmed by the robot queries, we also set a safe
workload threshold 7,,. At prediction step [, let w;1; be the
predicted workload, the workload constraint is formulated as a
cost term:

Q41 € — 5)

TJw = A [max((), Wt — Tw)] 2a (©)
where ), is a large constant. This term allows the robot to
exceed the workload threshold 7, if necessary, but any violation
is heavily penalized by the quadratic cost.

6) Finite-Horizon MPC Optimization: At time t, with
prediction horizon L, the controller solves:
L-1

i 3 (o g 0 (0. s~ )
st. forl=0,...,L—1,
QasSiSt,¢i+l, if C(qﬁ,@rl, 0141) < Te
qi+1 € and Tfiﬂ =T

Qfeas:®iri J {0} otherwise.
(N
Only the first control input is applied, after which the horizon
recedes and the optimization is repeated.

V. EVALUATION SCENARIO

We now instantiate the proposed E-MPC framework on a
robot-assisted bite acquisition system. Robot-assisted feeding
enhances the autonomy of individuals with mobility limitations
[18, 13, 16, 3]. Respecting and supporting user engagement in



long-horizon tasks like bite acquisition in feeding can further
empower users and promote a sense of agency [17, 18].

A. System Overview

The goal of our robot-assisted bite acquisition system is to
acquire food items from a plate using a utensil. At each step
of the task plan, the robot locates a food item from an image
of the plate and executes one food acquisition skill. If the skill
execution fails, the system can retry two times (7, = 2) on the
same food item after the first failure. Following [2], we estimate
the acquisition 6D pose for different food items using a skill
parameter estimation model, which a transformer-based vision-
language-action model. The model takes as input a textual
skill description, along with the current bounding box image
as visual context, and outputs the corresponding acquisition
pose. The primary uncertainty in this system comes from this
skill parameter estimation model. To get human assistance, the
robot can ask the user to draw the acquisition position and
angle on the bounding box image.

B. Skill Library

The skill library Sgooq of the robot-assisted bite acquisition

system consists of three acquisition skills:

o Skewering (¢'): Skewers the target food item. The system
estimates the 3D interaction point between the utensil and
the food, along with the utensil roll angle.

o Scooping (¢?): Scoops the food item. The system estimates
the 3D start and end points of the scooping trajectory.

o Twirling (¢®): Twirls the food item. The system estimates
the 3D interaction point and the corresponding utensil roll
angle required for twirling.

C. Skill Confidences and Query Types

The confidence score for each acquisition skill is modeled
as a binary value, derived from two sources: (1) the uncertainty
of the transformer-based skill parameter estimation model, and
(2) a failure identification module. The uncertainty of the skill
parameter estimation model comes from the variance of the
its predictions using Monte Carlo Dropout [2]. The failure
detection module detects whether the predicted interaction
point (e.g., a skewering location) is within the segmentation
mask of the food item (see Appendix for details). Since
food acquisition failures often stem from inaccurate parameter
estimation, we design the following task-assistive queries to
obtain user assistance:

o Skewering query: The user is shown a cropped bounding-
box image of the target food item and asked to draw the
skewer point and angle.

e Scooping query: The user is shown a cropped bounding-
box image and asked to draw the start and end points of
the scooping trajectory.

o Twirling query: The user is shown a cropped bounding-box
image and asked to draw the twirling point and angle.

In addition to these required queries, we introduce an auxil-
iary query type intended solely to promote user engagement:

e Food item shape query: The user is shown a cropped
image of the food item and asked to select its shape from
multiple-choice options.

The query type of task-assistive queries is denoted as
gloodpemts — [0, = 2(Hard), grq; = 2(Hard)], while the
engagement-only query type is denoted as gV = [¢,, =

1(Easy), qra,s = 1(Easy)].
VI. SIMULATION EXPERIMENTS

In simulation experiments, we aim to answer the following
question: compared to baseline policies, does E-MPC optimize
user engagement towards a desired target level while achieving
task success and maintaining bounded user workload?

A. Baselines

We compare E-MPC against the following four baselines:

o AlwaysQuery: asks the task-assistive query at every step.

o NeverQuery: executes all skills autonomously without
querying the user.

o TaskConfidenceAware: asks the task-assistive query when
the predicted skill success confidence C (¢, o) falls below
a threshold. This baseline optimizes solely for task success.

o WorkloadAware: asks the task-assistive query when the
skill uncertainty, 1 — C(¢%, 0,), exceeds a scaled version
of the user workload ~sca10wy, thereby jointly accounting
for task success and user workload. This baseline is
the method proposed in [1], which is the state-of-the-art
method that considers both task success and user workload.

B. Metrics

We evaluate the performance of different methods using
three metrics: Skill Success, Engagement Tracking Accuracy,
and Satisfaction.

1) Skill Success measures the fraction of skill executions in
which the skill succeeds within a maximum of 7, retries.

2) Engagement Tracking Accuracy evaluates how well a
method maintains the desired engagement level gges.
We define it as one minus the Root-Mean-Square Error
(RMSE) between the tracked engagement g; and gg4.s over
a horizon of length 7: RMSE = \/% Zthl (9¢ — gdes)2
, EngagementAcc = 1 — RMSE.

3) Satisfaction captures the overall user experience by jointly
accounting for engagement tracking, workload compliance,
and task completion. The satisfaction score is defined as

if wy < 7,and skill

succeeds in 7, retries,

1= - )
Satisfaction = |9t — Gdes|

0, otherwise.

®)
This metric reflects that accurate engagement tracking is
only meaningful when achieved under bounded workload

and reliable task success.
Note that the metrics used in simulation experiments here
are not intended to measure whether the engagement model
aligns with true user engagement, instead they are used to
evaluate whether E-MPC can effectively optimize engagement
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Fig. 3: Simulation Results. (a) Performance of methods across varying pre-query skill success rates and user personas. Results are averaged
over workload thresholds 7, € {0.25,0.5,0.75,1.0}. For WorkloadAware baseline, we set the value of the hyperparameter scale as the
value that maximizes the Satisfaction metrics in each setting. (b) Performance of methods across varying workload thresholds 7, with
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and outperform baseline methods, while assuming our model
reflects true user engagement. In Sec. VII, the user study
metrics then evaluate whether our framework with the proposed
engagement model aligns with the user experience.

C. Experiment Settings

In simulation, the robot can issue two types of queries that
are mentioned in Sec. V-C: easy MCQs and hard drawing-based
questions. We assign the first query type a query impact kg, ,
of 0.5; the second query type a query impact kq, , of 1.0. Thus,
the easy MCQs provide a modest engagement boost with low
workload cost, whereas drawing-based queries yield stronger
engagement gains but impose substantially higher workload.

The skill confidence C(¢%, 0;) is modeled as a noisy binary
estimate, reflecting real-world prediction uncertainty with
imperfect true-positive and false-positive rates (TPR= 0.9,
FPR= 0.1). Each rollout consists of 7" = 10 task-planning
steps, with a maximum of 7,. = 2 retries allowed after a skill
execution failure. The MPC prediction horizon is set to L = 5.

To capture diverse user engagement preferences, we con-
sider three personas with low, medium, and high desired
engagement levels: gqes € {0.2,0.5,0.8}. We evaluate each
method under varying pre-query skill success rate pgyccess =
P(¢% succeeds without querying) € {0.6,0.7,0.8,0.9,1.0}
and workload thresholds 7,, € {0.25,0.5,0.75,1.0}. Each
condition (Psuccess; Tw) 1 evaluated over three rollouts.

D. Results

As shown in Fig. 3(a), E-MPC consistently achieves high
Engagement Tracking Accuracy across all three personas. The
TaskConfidenceAware and WorkloadAware baselines attain
comparable tracking performance when the desired engagement
level gq4.s is relatively low. However, as gq4.s increases,
the advantage of E-MPC becomes more pronounced when
compared to these two baselines. When g4 becomes very high,
AlwaysQuery can also track engagement well, as it maximizes
interaction regardless of workload or task conditions.

In addition, E-MPC achieves higher Skill Success than all
other baselines except AlwaysQuery. This improvement arises
because E-MPC queries the user not only when the predicted
skill confidence C(¢?, 0;) is low, but also when interaction is
beneficial for maintaining the target engagement level g;. By
doing so, E-MPC can mitigate the impact of occasional false-
positive confidence estimates caused by noisy skill confidences,
leading to higher overall success rates.

Finally, E-MPC outperforms all baselines on the Satisfaction
metric. This indicates that E-MPC not only tracks engagement
effectively, but also ensures task success while keeping user
workload bounded. Among the baselines, WorkloadAware is
the strongest overall; however, because it does not explicitly ac-
count for engagement, its satisfaction scores drop substantially
for medium- and high-engagement personas. AlwaysQuery
achieves strong engagement tracking and high task success for
highly engaged users, but its disregard for workload leads to
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TABLE I: Performance of E-MPC and its ablations across
three desired engagement levels (pre-query skill success rate
Deuccess = S0% and workload threshold 7, = 0.5)

Engagement Workload . .
gdes | Mode Ace. T Compliance (%)T Satisfactiont
E-MPC 0.910£0.021 | 100.0£0.000 | 0.933+0.012
0.2 | NoWorkloadCst 0.910+£0.021 100.0£0.000 | 0.933+0.012
NoEngagementTrack | 0.8624+0.013 | 100.0+0.000 0.880+£0.013
E-MPC 0.917+£0.003 | 100.0£0.000 | 0.942+0.007
0.5 | NoWorkloadCst 0.919+£0.001 | 97.62+4.124 0.922+0.035
NoEngagementTrack | 0.59440.025 | 100.0+0.000 0.607+0.024
E-MPC 0.720£0.013 | 97.22+£4.811 | 0.730+0.028
0.8 | NoWorkloadCst 0.786£0.000 | 50.00£0.000 0.382+0.000
NoEngagementTrack | 0.300£0.027 | 100.0=£0.000 0.307+£0.024

reduced satisfaction.

E. Workload Thresholds

Fig. 3(b) compares baseline methods and E-MPC under
a high desired engagement level (g4es = 0.8). When the
maximum allowable workload threshold 7, is low, E-MPC
tracks engagement less accurately than AlwaysAsk, since it
prioritizes maintaining workload compliance over engagement
interaction. Importantly, this prioritization leads to a better
overall user experience: this is reflected in the Satisfaction
metric, where E-MPC achieves substantially higher satisfaction
for low to medium workload thresholds.

F. Ablations

In addition to the baselines above, we also compare E-MPC
against the following ablations: (1) NoWorkloadCst: our method
without the user workload constraint; (2) NoEngagementTrack:
our method without the engagement tracking cost.

In Table I, beyond Engagement Tracking Accuracy and
Satisfaction, we further report the Workload Compliance Rate,
which measures the fraction of timesteps during which the user
workload remains below the maximum allowable threshold
Tw. When gg4es is low or moderate, NoWorkloadCst performs
comparably to E-MPC. However, as gq4.s increases to 0.8,
NoWorkloadCst frequently violates the workload constraint,
exceeding 7,, in roughly 50% of timesteps. Since NoEngage-
mentTrack does not account for engagement, it consistently
underperforms E-MPC across all settings.

G. Effect of “Fake” Queries

We also explore the effect of engagement-oriented (“fake”)
queries in simulation. In our setting, these queries take the form
of easy MCQs that are intended solely to increase user engage-
ment and do not help the robot complete the task. We compare
E-MPC against an ablation that excludes these engagement-
oriented queries and permits only task-assistive queries. As
shown in Fig. 4(a), incorporating engagement-oriented queries
yields a statistically significant improvement in the Satisfaction
metric across all three personas. This improvement arises
because these “fake” queries provide engagement boosts while
imposing relatively low additional workload, enabling the
robot to better align with user engagement preferences without
exceeding maximum allowed workload.

H. Comparison with Heuristic Baselines

We compare E-MPC against two heuristic baselines that
approximate engagement via simple query scheduling. The
Random baseline queries with probability P(q; # 0) = gdes,
while the Periodic baseline queries at fixed intervals determined
by gdes- As shown in Fig. 4(b), E-MPC consistently achieves
higher satisfaction across all user types compared to heuristic
baselines. While Random and Periodic regulate query frequency,
they fail to adapt interaction to task uncertainty or user state,
leading to suboptimal behavior. In contrast, E-MPC explicitly
models engagement and selects both when and how to query,
leading to better engagement tracking and higher satisfaction.

VII. REAL-ROBOT USER STUDY

We conducted a Cornell University IRB-approved real-robot
user study on a robot-assisted bite acquisition system to evaluate
the effectiveness of E-MPC. The study involved 10 participants
(4 female, 6 male; ages 19-29). Participants provided informed
consent and were compensated for their time.

A Kinova Gen3 7-DoF arm with a Robotiq 2F-85 gripper is
used in the study (Fig. 5(left)). The tool attached to the end-
effector is adapted from pre-existing tools [17]. As described
in Sec. V-C, the robot-assisted bite acquisition system supports
two types of user queries. Among them, only the drawing-based
query is needed for successful task completion when the robot
becomes uncertain. The multiple-choice question about food
shape is a “fake” query that is related to the task but does not



Thanksgiving plate

Fruit salad plate

User Study Setup Plates

\ J\

J/

Fig. 5: Study Setup. (left) User study setup. (middle) Plates used in the study: a Thanksgiving plate and a fruit salad plate. (right) Participants
in the user study with emulated mobility limitations using resistance bands (faces shown with full permission).

(a)

‘Workload Aware

Real-robot User Study Results wm smrc

Engagement Task Success Interaction Agency
Tracking Accuracy Satisfaction ~ Satisfaction

*
—

e

=N W

Fig. 6: User Study Results. (a) Visualization of a rollout from the user study. The user initially set the g4es = 0.8. During the process,
the user lowered gqes twice. E-MPC adapts to the updated gqes. (b) Participants ratings on four subjective metrics. * indicates statistical

significance (p < 0.05), determined via a Mann-Whitney U test.

help the execution of the skill. During each study session, the
robot attempts to acquire 10 food items from the plate, and
up to 7, = 2 retries are permitted.

A. Baseline and Metrics

Since WorkloadAware is the strongest baseline overall based
on our simulation results and is the state-of-the-art method
proposed in [1], we therefore select WorkloadAware as the
primary comparison method alongside E-MPC in the real-robot
user study.

The user study metrics are designed to evaluate whether
our framework with the proposed engagement model aligns
with what the users care about. Therefore, these metrics are
directly self-reported by participants based on their responses
to the following five questions, which we use to evaluate user
experience and system performance. All user study metrics
except Workload Compliance are reported on a 5-point Likert
scale, while Workload Compliance is reported as a binary
(yes/no) outcome:

1) Engagement Tracking Accuracy: "How successful
was 1t for keeping you engaged at your
desired engagement level?”

2) Workload Compliance: "Is the workload you
felt during the task acceptable?”

3) Task Success: "How satisfied are you with
how successfully the robot completed
the task?"

4) Interaction  Satisfaction:  "How satisfied are

you with how the robot interacted with
you?"

5) Agency Satisfaction: "How satisfied are you
with how much control/agency you felt
during the task?"

B. Study Procedure

Before the user study, we perform several user-specific
calibration steps. First, we calibrate the query impact parameter
kq,,- Specifically, we present each of the two feasible query
types to the participant and ask them to rate the maximum
engagement level they would expect if that query were issued at
every timestep over a prolonged interaction. Next, we collect the
participant’s desired engagement level gq.s using a continuous
slider, where 0 indicates no engagement and 1 indicates full
engagement. Finally, the participant specifies the maximum
workload they are willing to tolerate during the task via a
slider, which we set as the workload threshold 7,,. After
calibration, each subject evaluates the baseline method and E-
MPC on the same plate. Across the study, we use two plates, a
Thanksgiving plate and a fruit salad plate, with plate assignment
counterbalanced between participants (Fig. 5 (middle)).

Following each method, participants completed a post-
method questionnaire with five questions corresponding to
our five evaluation metrics. After completing the full study,
participants completed a post-study questionnaire in which
they selected their preferred method and provided additional
qualitative feedback.



The calibration details and post-method questionnaire are
described in the Appendix.

C. Results

From user-reported ratings shown in Fig. 6(b) (see Appendix
for detailed statistics), we find that E-MPC achieves signifi-
cantly better performance than the baseline on Engagement
Tracking Accuracy, Interaction Satisfaction, and Agency Sat-
isfaction. Both the WorkloadAware [1] and E-MPC perform
comparably on the Task Success metric. In addition, all 10
participants reported that Workload Compliance is achieved,
meaning that their workload remained acceptable under both
methods throughout the study. In the post-study questionnaire,
9 out of 10 participants preferred E-MPC over the state-of-
the-art baseline [1] for providing a more aligned engagement
experience. One participant noted, “I do think more control is
better for me before it gets tiring,” and another commented,
“The balance of engagement and successful runs brought
satisfaction.” This feedback reinforces our quantitative findings,
suggesting that participants valued the increased engagement
enabled by E-MPC while maintaining task success and a
comfortable interaction experience.

Notably, among all queries that the robot asked users during
the user study, 51.65% were “fake” queries, while 48.35%
were fask-assistive queries. These results suggest that E-MPC
effectively maintains user engagement near their desired level
with strategic use of “fake” queries.

To complement self-reports, we also include an additional
eye-gaze analysis from study videos. We observe that when user
engagement g; deviates from the desired level g4, users’ gaze
behavior becomes less task-focused, suggesting a measurable
behavioral difference associated with engagement misalignment,
which is consistent with prior work [5, 31]. Detailed analysis
and results are provided in the Appendix.

VIII. DISCUSSIONS AND LIMITATIONS

We present E-MPC, a human-in-the-loop framework for
robotic systems that explicitly models and optimizes user
engagement. E-MPC enables robots to reason about when
and how to involve users. Through simulation across diverse
user personas and a real-robot bite-acquisition user study, we
demonstrated that E-MPC improves interaction satisfaction and
perceived agency without sacrificing task success or exceeding
user workload limits. These results highlight the importance
of user-engagement-aware interaction planning for human-in-
the-loop policies, and open new opportunities for designing
robotic systems that better support user-centered assistance.

An important direction for future work is to make engage-
ment regulation more transparent and negotiable between the
user and the robot. In the current formulation, E-MPC can
use “fake” queries that do not directly affect task execution to
increase engagement with relatively low additional workload.
This design helps separate engagement regulation from task
assistance, but it may also raise concerns about transparency
and deception: users may interpret these queries as task-
relevant even when they are not. An alternative approach would

be to increase engagement through explicit and transparent
interaction strategies.

Our findings also motivate a deeper investigation into the
relationship between user engagement, workload, task success,
and perceived agency. In our current framework, engagement
and workload are modeled explicitly, whereas perceived agency
is evaluated only through self-report. Although engagement
may contribute to agency, agency is a distinct construct that
cannot be fully explained by engagement alone. For example,
maintaining engagement near a desired level may help users
feel that they can meaningfully influence the robot’s behavior,
but this effect may depend on whether the interaction also
feels manageable and whether the robot succeeds at the
task. Excessive workload may make users feel burdened
rather than agentic, while too little involvement may make
them feel passive or disconnected from the task outcome.
Moreover, perceived agency may depend on other factors
beyond engagement, workload, and task success, such as
interface design, transparency, and user expectations. Therefore,
modeling perceived agency would require a dedicated study,
which is beyond the scope of this project.

One limitation of our work is the reliance on an explicit
calibration procedure. In the current system, the pre-task
calibration process is used both to set the user’s desired
engagement level and workload threshold, and to calibrate
the engagement model using hypothetical interaction scenarios,
which can be noisy. Future work could improve this process by
estimating both the user’s current engagement level and desired
engagement level online from behavioral signals, interaction
history, and direct user feedback.

A second limitation is that our current formulation models
interaction primarily through query actions. Queries provide a
convenient and interpretable mechanism for eliciting user input.
However, real-world human-robot interaction supports a broader
range of interaction modalities, including shared control,
conversational feedback, implicit corrections, physical guidance,
explanations, and socially grounded behaviors, etc. Extending
E-MPC beyond explicit queries would allow the framework to
capture richer and more natural forms of engagement.

Finally, while our user study evaluates E-MPC on a real
robot in an assistive bite-acquisition task, it does not include
participants with mobility limitations, who are a key target
population for assistive robotics. Evaluating the framework
with users who have lived experience with mobility constraints
is an important next step. Such studies may reveal different
engagement preferences, workload sensitivities, and would
provide a stronger evaluation of whether E-MPC can improve
user engagement during real-world assistive robot deployments.
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