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Figure 1: We present a system that considers user and delivery context to adapt the approaching behavior of mobile robots in
real-time. The context variables include user state (engagement level, cognitive load) and object delivery context (relevance,
urgency), which feed into a cost function that balances clarity, disturbance, and delay costs. The optimizer outputs two decision
variables: speech timing & level of detail (LoD), and approaching speed. Here, low urgency and moderate cognitive load lead to
a slower approach with a detailed explanation, together shaping a hesitant robot approach.

ABSTRACT
Robot assistants are increasingly capable of assisting users in ev-
eryday environments, yet they don’t take users’ cognitive context
into consideration. As a result, proactive behaviors may interrupt
users during cognitively demanding tasks, before they can acknowl-
edge or respond. We identify this pre-acknowledgment window
as a critical phase and introduce our real-time optimization ap-
proach that adapts how robots approach and communicate during
this window, using user engagement signals and task context. Our
system jointly optimizes movement and speech by solving struc-
tured, closed-form quadratic subproblems that balance disturbance,
clarity, and efficiency online. This enables continuous adjustment
of approach movement, timing of intent expression, and level of
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detail without explicit user input. In a within-subjects ablation user
study (𝑁 = 12), we find that adapting speech to context improves
intent clarity, that speed adaptation alone has limited impact with-
out paired speech adaptation, and that coordinating both channels
yields the strongest animacy. We also demonstrate the real-world
application in three everyday scenarios.
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1 INTRODUCTION
With AI revolutionizing our digital work, the next frontier is phys-
ical AI entering our physical spaces [41, 43, 52]. Beyond execut-
ing tasks, proactive robots can assist us in anticipating our needs
that may slip our minds (e.g., forgetting keys when leaving the
house, absentmindedly placing your hand next to dangerous ob-
jects, etc.) [23, 35].

To fully leverage these bene�ts in everyday physical assistance,
we must carefully consider the robot's interaction with the user
in their environment. Compared to more common context-aware
digital agents, embodied proactive robots carry higher interactional
stakes and a greater risk of becoming obtrusive due to two main
properties: First, physicality: unlike digital alerts, robot actions
occupy space, require time to execute, and present as motion in
the user's environment, which can disrupt users' spatial comfort
and focus. Second, intent: intent is often explicit in screen-based
interfaces but less transparent in human-robot interaction, so users
must actively attend to the robot to understand its goal.

Consider the example of you being highly focused on studying
for an exam. Your robot assistant enters the room, but you don't
have spare bandwidth to engage with it or try to understand what it
intends to do. Should the robot proceed and approach you? Should
it hesitate and wait for you to engage with it? What should it do if
it has an urgent object to deliver to you, like your ringing phone
receiving an interview callback? How should it proceed if it has a
relevant book that may help with your study task? In this moment,
an improper approach style, and ill-timed or poorly detailed intent
clari�cation can easily turn a potentially supportive intervention
into a distraction.

Prior work on proactive digital agents (often in extended reality
setups) investigated interface adaptation by taking timing, modality,
and context into consideration [36, 40, 54]. They generated interest-
ing design implications, but they can't be readily applied to physical
assistants. On the other hand, prior systems for robot intervention
has focused largely on when to interact [5, 10, 14]. The important
question of how a robot should initiate the interaction based on
context remains open.

In this paper, we address this gap by introducing context-aware
optimization into physical human-robot interaction, presenting
a practical design and system contribution through a real-time,
deployable framework that optimizes a robot's approach style.

1.1 PROACH: Proactive Approach Optimization
We introduce our system PROACH, which considers context and
user state to adapt the approaching behavior of mobile robots in
real-time. We structure the problem into context and action space,
and map them through an optimization-based decision layer onto
our robot behavior decision variables, as we show in Fig. 1.

In the context space, we include task-based variables, i.e., ur-
gency, and relevance of the robot's delivery to users' current task,
along with estimation of their cognitive load. Additionally, we con-
tinuously update implicit engagement signals from the user. As
for the action space, we de�ne the output as the robot's moving
speed and intent clari�cation (i.e., trigger speech output, level of
detail of explanation) at any moment during the robot's approach.
Note that instead of computing a speed at the beginning of the

approach based on the user's context then, we continuously update
and compute appropriate speed and speech adaptation in real-time.
Therefore, PROACH is a middleware optimizer that continuously
adapts approach speed and speech detail as proximity and user
attention evolve by solving the multi-objective optimization online.

The example in Fig. 1 shows how the user is working in their
wood shop as the robot approaches them to bring a bench brush.
The brush is relevant to the task, but not urgent since they may
clean up later. Given that the task creates medium cognitive load
and the user is not engaging with the robot (inferred from the
upstream perceiving modules), the robot proceeds slowly to not
disturb the user. As the user engages with the robot by looking in its
direction, the robot explains its intent and adjusts its speed to bring
the object faster after the user's acknowledgement. We evaluate our
robot approach optimization by performing a user study where we
systematically vary the urgency and relevance of delivered items.
Paired with our real-time engagement assessment using live video
feedback, we �nd that adaptive behavior is perceived as more ap-
propriate, clearer in intent, and more animate. In particular, jointly
adapting speech content and movement yields the highest intent
clarity, and participants attribute social qualities such as attentive-
ness and liveliness to the coordinated behavior. The novelty of our
optimization framework lies in modeling task-dependent context,
speci�cally the urgency and relevance of the delivered item, as well
as jointly coordinating speech and movement outputs.

In summary, we make the following contributions:

(1) We present an optimization-based system that adapts robot
approach speed and speech style in real time from task con-
text and engagement signals through multi-objective opti-
mization.

(2) We evaluate our system components in a user study and
compare to three ablated versions. Our �ndings show that
adaptive speech signi�cantly improves intent clarity, while
movement adaptation contributes to perceived animacy and
appropriateness but does not reach statistical signi�cance
on its own.

(3) We demonstrate our system both in a user study and through
application examples spanning various domains, including
o�ces, workshops, living rooms, and study halls.

2 RELATED WORK
Our work builds on prior work on proactive assistance and research
on approach behaviors of robots. We also draw from the rich litera-
ture on computational methods for minimizing user disruption.

2.1 Proactive Assistance: What, When, and How
Proactive agents that anticipate user needs without explicit com-
mands trace back to Horvitz's mixed-initiative interaction [27]
and attention-sensitive alerting [28, 29], and have accelerated with
modern methods including large language model (LLM) and vision-
language model (VLM) driven autonomy in open-ended settings [51].
Recent work on proactive agents has converged on three design
axes: what to help with, via predictive user modeling [39] and proac-
tive conversational support [42]; when to help, via working-memory
modeling [54] and BDI-based inference for AR task guidance [38];
and how to deliver help, via content�modality reasoning adapted to
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attentional load [36], LLM-driven everyday objects that reposition
themselves [23], and smartwatch-based just-in-time procedural
guidance [1]. These advances, however, are concentrated in dig-
ital and screen-based agents. Physical robot interaction remains
largely command-driven, and where robots do act proactively, the
higher stakes of embodiment make the risk of obtrusiveness far
greater [61]. The digital proactive paradigm o�ers valuable insights
on what, when, and which modality to act in [36, 38, 54], and
physical proactive assistance has begun to emerge [10, 23, 72], but
coordinating movement and communication for a physical robot
introduces challenges that these frameworks do not address.

2.2 Robot Approach Behavior
Hall's proxemic zones [22] have been extensively mapped to HRI, es-
tablishing how factors such as robot speed, approach direction, gaze,
and individual traits shape preferred approaching endpoints [16,
49, 56, 64, 69]. Based on proxemics theory, methods such as the So-
cial Force Model [18, 25] and interaction potential �elds [47] have
been widely adopted for socially aware navigation, while approach-
speci�c systems optimize paths based on real-time human state to
respect personal space and reduce obtrusiveness [34, 57]. Yet these
contributions characterize where a robot should decelerate and end
up, and which path it should take, not how it should coordinate
behavior during the approach.

Prior work establishes that e�ective robot approach should un-
fold temporally across multiple channels. Speed and proximity
signi�cantly shape how users interpret robot intent: Saulnier et al.
showed that even minimal nonverbal variations during approach
are read as social signals [58], and Rousseau et al. found that multi-
modal behavior is preferred when robots initiate interaction [55].
Beyond speech, other nonverbal channels such as robot gaze, in-
dicator lights, and motion velocity have also been incorporated
as critical outputs during approach [26]. Building on this, Shi`s
group developed approach systems that coordinate locomotion,
arm extension, and verbal cues within a single episode [33, 59],
though speech or gesture remains secondary to locomotion in their
pipeline. Besides, Mead and Matari¢ showed that approach trajecto-
ries themselves can be designed to facilitate multi-modal interaction
opportunities [47].

These works establish that multi-modal approach behavior mat-
ters, but nuanced joint control of movement and speech and task-
aware adaptation remain unexplored. We build on this foundation
by jointly adapting movement and speech in real time and ground-
ing the adaptation in the user's ongoing task context.

2.3 Computational Methods for Minimizing
User Disruption

Minimizing disruption to users has a long history in HCI, where
computational methods have been developed to manage the cog-
nitive cost of system-initiated actions. Decision-theoretic models
�rst optimized whether to interrupt [28� 30], and task-structural
breakpoints re�ned when [31]. Later systems moved beyond tim-
ing into presentation: SUPPLE formulated UI layout as constrained
e�ort minimization to reduce cognitive load [19, 20], Lindlbauer
et al. adapted Mixed-Reality detail levels to cognitive load in real
time [40], and Cheng et al. incorporated virtual�physical semantic

associations [13]. Most recently, ProMemAssist modeled interven-
tion value against cognitive cost for proactive assistance timing [54].
These methods provide valuable insights, but are di�cult to transfer
directly to physical agents, where disruption is not a discrete event
but a continuous process that unfolds in a shared space.

Within HRI, where this transfer is most needed, work on min-
imizing disruption has likewise focused on a binary "go-or-wait"
decision. Early methods used spatial engagement classi�ers [9, 53],
followed by temporal interruptibility models [5, 17], RL-based per-
sonalization of intervention timing [14], and more recently VLM-
based context assessment for deciding when to initiate interac-
tion [70, 74]. Decision-theoretic reasoning has also been applied to
communication timing in human-robot collaboration [66]. Mannem
et al. empirically quanti�ed how proximity, timing, and content
shape perceived disruption cost in physical robot interruptions [45],
demonstrating that these dimensions are rich enough to warrant
optimization. Our work takes a step forward: treating disruption as
a continuous spatial process that evolves with proximity and is man-
aged in real time through coupled movement and speech, during
the pre-acknowledgment window in which no explicit user input
is available.

3 SYSTEM IMPLEMENTATION
Our implementation is guided by three design goals. While each
goal has been recognized individually in interruption management,
proactive agent design, and human-robot interaction [46, 54, 69],
they are coupled and cannot be satis�ed independently in the con-
text of robot approach: conveying intent con�icts with staying un-
obtrusive, explaining slows delivery, and politeness con�icts with
being e�cient. Pilot observations con�rmed each trade-o� (Fig. 2),
motivating the structure of our joint optimization formulation.

G1: Minimize Disturbance. When the user's cognitive load
is high, robot behaviors should become more conservative.
For example, fast movement and lengthy speech should be
avoided, especially as the robot gets closer.

G2: Provide Timely Assistance. When the delivery is urgent,
the robot should prioritize progress toward completing the
hando� promptly.

G3: Maintain Intent Legibility. The robot should make its
intent understandable. More explicit explanations are needed
when the assistance is more likely to interrupt or redirect
the user's ongoing activity.

We thus formulate behavior selection as an optimization problem,
allowing the robot to jointly regulate movement assertiveness and
communicative detail under the context.

Figure 2: Trade-o�s between the three design goals.
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Table 1: Input variables as the context space of the system.

Input type Var. Description Range

User State
Gload Cognitive load of the user's

current activity
Continuous in
»0• 1¼

Gengage Real-time user engagement
and attention level

Continuous in
»0• 1¼

Delivery
Context

Gurgency Urgency of the robot's delivery
task

Continuous in
»0• 1¼

Grelev Relevance of delivery to the
user's current activity

Continuous in
»0• 1¼

3.1 Inputs and Outputs
3.1.1 Inputs as the Context Space. PROACH takes four contextual
inputs along two dimensions (see Table 1). User state, comprising
cognitive load from the primary tasks and engagement level with
the robot, captures how receptive the user currently is. Delivery
context, comprising urgency and relevance, characterizes what the
robot is bringing and why it matters.

User State. Cognitive load and engagement jointly describe the
user's current capacity and willingness to receive an interruption.
Cognitive load, drawn from interruption management research [46,
63], re�ects the demand of the ongoing activity; reduced processing
capacity ampli�es sensitivity to any interruption [3, 63]. In our
implementation, cognitive load is a task-speci�c factor that re�ects
the overall workload. Speci�cally, we use a prede�ned value for
cognitive load in the user study (Section 4) to keep conditions
comparable. To demonstrate the entire system, we use LLM-inferred
values in Section 5, since recent work has demonstrated that LLMs
can successfully estimate cognitive load in real-time [71].

Engagement level characterizes the degree to which a user main-
tains a perceived connection with a robot [62], and has been mod-
eled in HRI through spatial proximity [48] and behavioral cues such
as gaze and head orientation [5,17]. We adopt head-pose-derived en-
gagement as the real-time complement to task-level cognitive load,
capturing dynamic shifts in user attention. Using an environment-
mounted camera in front of the user, we estimate engagement online
by mapping yaw and pitch from a 3D face alignment model [21]1

to a continuous score in»0•1¼, where looking away yields lower
engagement and turning toward the robot increases it. The signal
is smoothed with an exponential moving average and thresholded
at 0”4 to derive a discrete engaged state for event counting. This
provided a stable signal in our current system and can be replaced
by more advanced approaches in future work.

Delivery Context. Urgency and relevance characterize the robot's
delivery relative to the user's current activity. Interruption man-
agement research identi�es both the important alert and the task
relevance to the user's ongoing task as key factors shaping how in-
terruptions should be presented [46, 50]; we adopt these asGurgency

andGrelev. Again, we use prede�ned values for the controlled study
in Section 4, and an LLM-inferred value for the demonstration in
Section 5

1We use the TensorFlow Lite reimplementation: https://github.com/1996scarlet/Dense-
Head-Pose-Estimation.

Table 2: Output variables and behavior mapping.

Var.Description RangeBehavior Mapping

B Approach
speed

[0,1] Mapped to robot velocity; values below 0”05 are
set to zero.

; Explanation
LoD

[0,1] »0• 0”40º : keep silent
»0”40• 0”50º - low LoD: item + urgency, �2 s
»0”50• 0”75º - mid LoD: low LoD + actionable advice, �4 s
»0”75• 1¼ - high LoD: mid LoD + consequence, �9 s

3.1.2 Outputs as the Action Space. We scope the action space
to two channels that the robot can modulate continuously dur-
ing approach: movement and speech. Approach speed governs
both physical assertiveness in shared space [69] and nonverbal
intent signaling [65, 73], while explanation level of detail (LoD)
governs how much attentional capacity the robot claims through
speech [4, 12, 40]. At each decision step, the optimizer solves for
normalized speedB 2 »0•1¼and speech LoD; 2 »0•1¼, mapped
to executable behaviors as summarized in Table 2. In our imple-
mentation, normalized speed is converted to robot velocity (max
= 0.44 m/s) , and instantiations across LoDs are included in the
Supplementary Material.

3.2 Formulation
Following prior optimization-based approaches to context-aware
adaptation [19, 40, 54], we formulate behavior selection as a light-
weight optimization that balances competing objectives under the
current context. The formulation has four components: (1) hard con-
straints that govern speech admissibility; (2) a weighted cost struc-
ture balancing clarity, disturbance, and delay; and (3) regularization
and smoothing for coherence and physical comfort. We re�ned the
weights based on empirical evidence from internal lab members
(# = 5) during the system design, following prior work [13, 40, 54].

The decision process is composed of two coupled box-constrained
subproblems; in practice, each subproblem is solved over [0,1]:

; � = arg min
; 2»0•1¼

5; ¹;º• B� = arg min
B2»0•1¼

5B¹B; ;usedº”

To rule out overlapping utterances and repeated re-explanations,
we impose two hard constraints. First, a Speech Exclusivity Con-
straint prevents the robot from initiating a new utterance while a
previous utterance is still ongoing. Second, a Single-Opportunity
Speech Constraint allows at most one utterance during each deliv-
ery; once intent has been communicated, the LoD variable is locked
to zero for the remainder of the approach.

3.2.1 Cost Structure. We optimize a weighted sum of three terms:

min
B•;

F2 � clarity ¹B• ;º ¸ F3 � disturbance¹B• ;º ¸ FC� delay¹B• ;º•

whereB 2 »0•1¼denotes normalized speed and; 2 »0•1¼denotes
explanation level of detail. Fig. 3 summarizes the role of each term
on the two action variables.



While You're Still Busy UIST '26, November 02�05, 2026, Detroit, MI, USA

Figure 3: Role of each cost term on the two action variables.

In the implementation, LoD is solved �rst and then coupled into
the speed objective through a one-way walk-talk penalty:

; � = arg min
; 2»0•1¼

5; ¹;º• B� = arg min
B2»0•1¼

�
5B¹Bº ¸ W ;2usedB

2�
•

where;used is the e�ective speech level used for movement suppres-
sion. This design allows speaking to slow the robot down, while
speed does not directly suppress the tendency to explain. Around
and during speech, a bi-directional speed adjustment further mod-
ulates speed based on engagement direction: if the user is looking
at the robot, it slows down; if the user looks away, it speeds up.
This adjustment ramps in as the LoD solution rises before speech
is triggered, remains active during speech, and decays gradually
afterward.

Clarity term. The clarity term encourages the robot to make its
intent understandable. We model it as a linear preference over both
motion and explanation:

� clarity ¹B• ;º = V¹2 º
B B ¸ V¹2 º

; ; ”

The speed coe�cientV¹2 º
B = F 2 � Gengagepenalizes forward motion

in proportion to user engagement, discouraging the robot from
rushing toward an attentive user before explaining itself. The expla-
nation coe�cient combines a proximity-driven and an engagement-
driven component:

V¹2 º
; = �F 2 q ¹3�A º

|        {z        }
proximity push

¸ �F 2 Gengaged¹Grelevº
|                     {z                     }

engagement push

•

whereq ¹3�A º = clamp
� 3explain�3 �A

3explain�3 critical
• 0• 1

�
ramps linearly as the

robot enters conversational range, andd¹Grelevº = 1¸: d ¹1�G relevº
ampli�es the push when task relevance is low. The proximity com-
ponent drives the robot toward speaking as it nears the user, inde-
pendently of engagement. The engagement component activates
when the user attends to the robot, with strength scaled inversely by
relevance: information congruent with the user's current task is eas-
ier to integrate [67], so a relevant delivery is more self-evident and
demands less explanation. Additionally, a baseline clarity compo-
nent pushes LoD upward for low-relevance deliveries even without
engagement, ensuring the robot still explains externally motivated
deliveries. Cognitive load suppresses these components, so that
high-load users receive less verbose explanations.

Disturbance term. The disturbance term penalizes obtrusive be-
haviors in both movement and speech. Its base form is quadratic:

� disturbance¹B• ;º = U¹3 º
B B2 ¸ U ¹3 º

; ;2”

The movement coe�cient is a multiplicative composition of context
factors:

U¹3 º
B = F 3 � Ĝload � k ¹3�A º � XB¹Grelevº �

1
1 ¸ : D Gurgency

•

whereĜload = : basȩ ¹ 1�: baseº Gload is cognitive load with a baseline
�oor ensuring a minimum disturbance sensitivity even for low-load
tasks,k ¹3�A º is a proximity ampli�er that grows as the robot enters
the proxemic zone, consistent with physiological evidence that
robot motion speed elevates sympathetic arousal [24], andXB is a
mild relevance discount. Urgency reduces but does not eliminate
disturbance sensitivity, so even time-critical deliveries respect the
user's spatial comfort.

The explanation coe�cientU¹3 º
; = F 3 � Gload � X; ¹Grelevº penalizes

detailed speech as more intrusive, scaling directly with cognitive
load.W ;2B2 further penalizes simultaneous movement and speech;;
is solved �rst and injected as a constant into the speed quadratic,
enabling speech to suppress speed. The coupling strengthWis dis-
counted by urgency, so that time-sensitive deliveries tolerate more
concurrent motion. In the post-speech stage,U¹3 º

B is discounted
because lingering itself becomes the more salient disturbance based
on empirical evidence.

Delay term. The delay term penalizes slow task progress and
unnecessarily long explanations:

� delay¹B• ;º = V¹C º
B ¹1 � Bº ¸ U ¹C º

; ;2”

The speed coe�cient combines e�ective urgency with distance and
relevance scaling:

V¹C º
B = F C � Ĝurgency � [ ¹3 �A º � f ¹Grelevº•

whereĜurgency = clamp
�
Gurgency ¸ : boost¹1 � G loadº• Dmin• Dmax

�
is

an e�ective urgency that is boosted under low cognitive load and
�oored to ensure a baseline forward drive even for non-urgent deliv-
eries.[ ¹3 �A º attenuatesV¹C º

B as the robot enters the proxemic zone,
as there is less need to hurry perceptually.f ¹Grelevº scales down the
drive for less relevant deliveries: items with lower task relevance
warrant less time pressure. After speech has been delivered, two
additional terms activate: a quadratic completion cost: 2¹1 � Bº2

penalizes lingering, and an engagement-driven term reverses sign,
treating user attention as a signal that intent has been conveyed
and the robot can accelerate toward completion. The explanation
coe�cient U¹C º

; = F C � Ĝurgency penalizes speech duration in pro-
portion to e�ective urgency, so that time-sensitive deliveries favor
briefer explanations.

3.2.2 Regularization and Smoothing. To avoid unstable frame-to-
frame �uctuations in LoD, we apply a quadratic inertia term to the
LoD objective:

5; ¹;º  5 ; ¹;º ¸ _ lod¹; � ; prevº2•

smoothing the trigger timing while preserving the steady-state
optimum. After speech, the walk-talk speed suppression is released
via exponential decay rather than removed immediately. Two terms
are added to the speed objective independently of the cost weights:
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a load-scaledB2 baseline resistance that biases toward conservative
speeds, and a distance-dependentB2 proximity brake informed
by proxemic comfort zones [69]. The resulting speed command is
passed through an acceleration-limited smoother (� 0”2 m/s2) before
execution.

4 EVALUATION
To understand how each dimension of adaptive robot approach
behavior contribute to user experience, we conducted a within-
subjects ablation study. We progressively add speech and move-
ment optimization capabilities to assess the contribution of each
component.

4.1 Participants
The study included# = 12 adult participants (10 female, 2 male;
age" = 24”8, (� = 1”7, range 21�28) recruited from the local
community. Most had limited experience with robots: six had inter-
acted a few times, three once or twice, two never, and one regularly.
Participants gave informed consent and received $15 in cash or a
gift card.

4.2 Tasks
The study followed an interruption paradigm commonly used in
HCI and HRI [5, 46], in which participants performed a continuous
primary task while robot deliveries acted as repeated interruptions.

4.2.1 Users' Primary Task. We used card sorting as the primary
task because it occupies the user both physically and cognitively,
and has been used in interruption research [2, 8]. We sampled
24 cards per session from 60 established items [8] with minimal
repetition, creating four constant-di�culty variants. The task con-
sisted of a sorting phase (10 min) followed by an organizing phase
(2 min). During sorting, participants grouped printed cards and per-
formed physical operations such as hole-punching and highlighting,
which created demand for robot-delivered tools. During organizing,
participants labeled and sealed the sorted groups. This two-phase
task structure supported the urgency manipulation: some robot-
delivered items were immediately useful during sorting, whereas
others were only needed later during organizing.

4.2.2 Robot Delivery Interventions. We discretized urgency and
relevance into high and low levels to cover the context space; the
study evaluates the optimizer's formulation, not the full continuous
range. Deliveries crossed urgency and relevance (see Fig. 4): high-
relevance items supported the primary task (e.g., a puncher, binder
rings), low-relevance items served external goals (e.g., a package
to sign, water). High-urgency items required immediate attention;
low-urgency items could be deferred. Each delivery drew from a
pool of alternative items with the same attribute to avoid repetition.

4.3 Conditions
We developed four system variants that participants tested, one
system per session. The systems are illustrated in Fig. 5.

Figure 5: The four system variants in our ablation study.

The closest Baseline system we found uses no speech and a �xed
speed pro�le based on the Social Force Model (SFM) [18, 25], in
which speed decreases monotonically with distance to the user.
This represents a common approach strategy in prior HRI work.
Since our PROACH system modulates speed, speech trigger, and
level of details, we add ablated system versions to understand their
impact. Our BaSpeak variant uses the same speed modulation as
Baseline, but adds a �xed speech component: a minimal utterance
triggered at3 = 1”5 m, following distance-based initiation con-
ventions [22, 32, 57, 60]. This isolates the contribution of speech
presence. Our OptSpeed variant uses the same �xed speech as BaS-
peak but replaces the SFM with our optimizer's adaptive speed. This
isolates the contribution of adaptive movement. The full PROACH
system jointly optimizes both speech and speed in real time based
on context, as described in Section 3.2. To maintain comparability
across conditions, we used prede�ned values for urgency, relevance,
and cognitive load (see Fig. 4). User engagement is modeled dynam-
ically to validate the system's real-time adaptation capability.

4.4 Procedure
After a background survey and familiarization trial, participants
completed four sessions, one per system. As illustrated in Fig. 4,
each session consisted of four deliveries from four distinct cate-
gories presented in a randomized order. Immediately after each
delivery, participants completed a brief post-delivery survey before
resuming the primary task. Each of the four sessions concluded
with a post-session survey and a short semi-structured interview.
Upon completion of all sessions, an exit interview gathered over-
all feedback across all conditions. To mitigate order e�ects, we
counterbalanced all conditions, delivery object sets, and session or-
ders across participants, and randomized the delivery order before
beginning the study.

4.5 Study Setup and Apparatus
The study took place in a 1”6 � 3”6 m lab space con�gured as a
personal workspace, with participants seated at a desk, as shown
in Fig. 4. The robot approached from a distance of 3”2 m along a
straight-line path on the participant's right-hand side and retreated
behind a curtain after each delivery or rejection. The experimenter
manually reloaded the next item out of view to preserve perceived
robot autonomy. A simple spoken override channel is incorporated
for direct user acceptance or rejection, driven by a set of prede�ned
keywords.

The study used a LeKiwi mobile manipulator with a SO-101
arm [11], equipped with a Bluetooth speaker for speech output.
The environment included a webcam for AprilTag-based local-
ization, a user-facing webcam for engagement detection, and a
wireless microphone for spoken user commands. A robot-mounted
Raspberry Pi 5 handled low-level control, while a local MacBook
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