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Figure 1: End-to-end pipeline. (a) An author manipulates a delegated group (orange volume) in XR; animated lines show parent—
child relationships. (b) The workspace optimizer resolves delegated poses for collision avoidance, support, and reachability. (c) A

simulated UR5 executes the planned assembly in MuJoCo.

ABSTRACT

Extended reality (XR) interfaces for assembly specification typi-
cally require users to specify the 6DoF pose of every part. This
works well when exact poses are necessary, but can impose un-
needed constraints when not. We present a collaborative XR
constraint-authoring interface that supports a spectrum of specifi-
cation authority. In our interface, an author can specify groups of
parts and transfer them to a human or robot executor that carries out
the author’s instructions in the physical world. In prescribed mode,
the author specifies the 6DoF pose of a part or group. In dele-
gated mode, the author entrusts the executor to determine the 6DoF
pose of a part or group. Both modes can be mixed within a single
task. We conducted a within-subjects study comparing prescribed-
only authoring against dual-mode authoring. Results show that
dual-mode authoring significantly reduced authoring task comple-
tion time and perceived workload. Most participants significantly
preferred dual-mode, with delegation rate scaling with the com-
plexity of authored structures. We also evaluated both conditions
offline with a robot executor, feeding authored constraints through
a workspace optimizer and motion planner. Delegated constraints
achieved significantly higher inter-group clearance than prescribed-
only specifications.

Index Terms: Extended reality collaboration, Human—Robot In-
teraction, assembly constraints, task specification, constraint au-
thoring.

1 INTRODUCTION

Extended reality (XR) interfaces for assembly task specification
have evolved from low-level direct control to high-level goal speci-
fication [3, 58, 57]. Rather than manually guiding each action, users
can specify desired part poses and let downstream motion planning
systems [14] determine how to achieve them. This shift reduces
operator workload and enables asynchronous workflows in which
specification and execution proceed independently [48].

However, current goal-specification interfaces typically require
users to define the 6DoF pose of every part or operation [31, 3, 28].
While straightforward for a single part, this approach becomes
cumbersome for multi-part assembly tasks involving hierarchical

structures [62]. Consider a manufacturing assembly line where
components are first assembled into subassemblies on dedicated
fixtures, then the loaded fixtures are combined into a final prod-
uct: the user must specify each part’s exact pose even though the
essential constraints are which parts connect and how subassem-
blies relate to each other. Many of these pose decisions could be
offloaded to a downstream executor (human or robot) that can opti-
mize for feasibility, collision avoidance, and workspace utilization.
This suggests a spectrum of specification authority: the user retains
control where it matters and delegates the rest.

We present an XR constraint-authoring interface that supports
such a spectrum of specification authority, ranging from full author
control over part pose to delegation of determining part pose to the
executor (Fig. 1). We use “specification authority” to mean the au-
thor’s choice of how much to specify, as distinct from the conven-
tional Human—Robot Interaction (HRI) sense of robot autonomy.
We frame this as a separation between the author, who specifies
constraints, and the executor, who carries them out. The execu-
tor may be a robot, a human worker, or any downstream system;
the authored constraints are executor-agnostic. Our implementa-
tion and evaluation target robot execution, where the separation is
especially valuable: a human author understands assembly intent
but lacks knowledge of robot kinematics, while the robot’s planner
can optimize spatial layout for reachability and collision avoidance.

Our interface organizes assembly elements into a hierarchy of
groups, where each group defines a reference frame and can con-
tain any number of child groups (Fig. 2). Each group corresponds
to a single part that defines its reference frame. Each group carries a
constraint mode: in prescribed mode, the author specifies the 6DoF
pose of the group relative to its parent; in delegated mode, the au-
thor entrusts the executor to determine the pose. A within-group
toggle switches between prescribed and delegated modes, and both
modes can be mixed within a single task (see Fig. 1b).

Authors build the hierarchy through bimanual nesting (Sec. 3),
where simultaneously holding one part with each controller estab-
lishes a semantic parent—child relationship between them (Fig. 1a).
Two complementary visualizations communicate the resulting con-
straint structure: animated directional lines persistently encode the
hierarchy, while enclosing volumes appear on demand around del-
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egated groups to mark that the executor will determine the final
configuration. Delegated constraints give the planner additional de-
grees of freedom, expanding the feasible solution space and reduc-
ing planning failures for complex assemblies.

Our contributions include:

* An XR constraint-authoring interface supporting a spectrum
of specification authority, from prescribed (author-specified
poses) to delegated (executor-determined poses), with per-
group constraint modes that can be mixed within a single as-
sembly.

* A within-subjects study (n = 20) comparing prescribed-only
authoring against dual-mode authoring across three hierarchi-
cal structures in order to test whether dual-mode authoring
reduces task completion time and perceived workload.

Analysis of how structural complexity affects efficiency
across assembly and arrangement task types.

* An offline planner evaluation assessing whether delegated
constraints improve downstream robot planning feasibility.

2 RELATED WORK

We situate our work at the intersection of constraint specification
for collaborative assembly and assembly feasibility evaluation.

2.1 Constraint Specification for Collaborative Assem-
bly

Assembly task specification spans a spectrum from full automation
to full human control.

Fully automated specification. At one end, automated ap-
proaches derive constraints entirely from CAD models, structured
data, or learned demonstrations. Task and motion planning in-
tegrates symbolic and geometric planning [65], with recent work
scaling to hundreds of robots [8]. Constraint programming jointly
optimizes workspace layout and task scheduling [59, 12], and au-
tomated cell configuration systems derive robot placements from
product models [4]. Vision-Language models (VLMs) extract
specifications from instruction manuals [53, 52], and approaches
based on Large Language Models (LLMs) generate assembly plans
from task descriptions [2]. These systems assume the assembly
goal is known and fixed: the system extracts a specification rather
than creating one.

Full human control. At the other end, goal-based teleoper-
ation interfaces allow users to specify desired end states rather
than trajectories [58, 31]. Aoyama et al. [3] extended this to
asynchronous goal assignment where users specify 6DoF assem-
bly targets in XR, supporting concurrent specification and execu-
tion. End-user authoring environments enable non-experts to pro-
gram workflows through workflow authoring [45], embodied XR
demonstration [11], situated programming [47], multimodal XR
with LLM-based composition [23, 22], XR skill-parameter visual-
ization with digital-twin validation [28], and hybrid XR authoring
for HRI [33]. XR assembly interfaces have been evaluated for CAD
modeling [15] and collaborative tasks [44].

Mixed-initiative approaches. Between these extremes, shared-
control approaches blend user input with autonomous capabili-
ties [46, 60]. Senft et al. [48] introduced task-level authoring for
variable robot autonomy, Hagenow et al. [20] combined end-user
programming with shared autonomy, and Porfirio et al. [40] demon-
strated goal-oriented programming at variable granularity. Hierar-
chical planning frameworks decompose collaborative assembly into
task allocation between human and robot [24].

Yang et al. [61, 62] introduced within-group specification modes
for hierarchical assembly in XR, allowing users to choose between
full pose specification and delegation at each level of the assem-
bly tree (termed “absolute” and “relative”, which we reframe as

(a) T2: 10p, 4 levels, 2 fix.(b) T3: 15p, 4 levels, 3 fix.

[ W = Workspace I A = Assembly I R = Arrangement [ Part (leaf)

Figure 2: Task hierarchies. T1 (not shown) is flat: three pair assem-
blies on the table. (a) T2: 10 parts, 2 fixtures, 4 levels. (b) T3: 15
parts, 3 fixtures, 4 levels. Blue = assembly; orange = arrangement.

“prescribed” and “delegated”). However, that work lacked a user
study. Aoyama et al.’s system [3] is the closest prior work to our
prescribed-only condition: it supports 6DoF goal-pose specifica-
tion for individual parts in XR with asynchronous execution, but re-
quires the user to specify every pose and offers no delegation mech-
anism. Our work extends this by introducing constraint-based goal
specification: rather than demonstrating a single desired configu-
ration, users specify which spatial relationships must be preserved
while delegating remaining decisions to the executor.

XR interaction techniques. Our interface uses bimanual nest-
ing to build the constraint hierarchy. Bimanual interaction in
XR leverages natural two-handed coordination [19] through tech-
niques spanning proxies [38, 39], miniature workspaces [50], ex-
tended reach [41], and persistent spatial references [38]. Recent
work has combined bimanual input with pointing [64], gaze [34],
and lines [30]. Object manipulation spans direct grab [27], near-
field [29], and hybrid approaches [S]. Our bimanual nesting tech-
nique differs in purpose: in addition to manipulating parts, simul-
taneously holding two parts with both hands creates a semantic
parent—child relationship in the constraint hierarchy.

2.2 Assembly Feasibility Evaluation

Assembly feasibility evaluation determines whether a given assem-
bly specification can be physically executed by a robot, checking
that target poses are collision-free, stably supported, and within the
manipulator’s kinematic reach. This problem is well-studied at the
planning level. ASAP [51] generates physically feasible assembly
sequences by ensuring intermediate physical stability and realiz-
ability. Inverse reachability maps [55] identify feasible robot base
placements from which target poses are reachable. These tools as-
sume a fixed target specification and evaluate whether a robot can
execute it. They do not address how the specification was created
or whether the specification method affects execution outcomes.
The distinction between prescribed and delegated constraints
has significant implications for planning success. Prescribed con-
straints fix part poses, potentially leading to infeasible configura-
tions due to collisions or kinematic limits. Delegated constraints
maintain inter-part relationships while allowing the planner to op-
timize the final configuration, thus expanding the feasible solution
space. We adopt established feasibility evaluation methods [51, 55]
and apply them to compare how the specification paradigm affects
execution outcomes, which has not been addressed in prior work.

3 SYSTEM DESCRIPTION

Our interface organizes parts into a hierarchy, visualizes constraint
structure through animated directional lines and enclosing volumes
that are shown on demand, and exports specifications for down-
stream execution.
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3.1 Hierarchical Constraint Model

An assembly is represented as a tree of groups (Fig. 2). Each
group corresponds to a single part that defines its reference frame,
and may have any number of child groups nested beneath it; child
groups express their poses relative to their parent’s reference frame.
The root group represents the workspace (e.g., the assembly table).

Each group carries a constraint mode that can be independently
set to prescribed or delegated:

* Prescribed: The author specifies the 6DoF pose of this group
relative to its parent. The executor must reproduce this exact
configuration.

* Delegated: The author entrusts the executor to determine the
6DoF pose of this group relative to its parent, subject to feasi-
bility constraints (collision avoidance, support, reachability).

The mode is within-group: it describes this group’s relationship to
its parent, not its children. Sibling groups under the same parent
can have different modes. This enables fine-grained control within
a single assembly: for example, two subassemblies on a shared fix-
ture might have different delegation states while the fixture itself is
prescribed.

3.2 Interaction Design

Authors build the constraint hierarchy through the following mech-
anisms (Fig. 3):

Bimanual nesting. To establish parent—child relationships (e.g.,
grouping subassemblies under a shared parent), the author holds
one part with each controller and releases the intended child. The
released part’s group is reparented under the held part’s group.
This two-handed gesture creates a semantic parent—child relation-
ship distinct from physical snapping: it defines which subassem-
blies belong together in the constraint tree without requiring geo-
metric contact. Un-nesting is performed by holding the child and
the workspace root, then releasing the child.

Cycle correction. If reparenting a group under one of its own
descendants would create a cycle, the interface auto-corrects: the
descendant is first promoted (reparented to the group’s current par-
ent) before the original reparenting proceeds. Both operations are
recorded as a compound undo entry, so a single undo press reverts
both.

Undoing nesting. Pressing either thumbstick reverts the most
recent nesting operation from a global stack. For cyclic auto-fixes,
the compound entry ensures that both the promotion and the repar-
enting are reverted together.

Within-group delegation toggle. While holding a part, the au-
thor presses a button to toggle that group between prescribed and
delegated modes. Toggling to delegated means the optimizer will
determine the group’s pose relative to its parent at confirmation
time.

Confirmation. Pressing the confirm button while holding a part
confirms that group and its changed children. Pressing confirm
with nothing held performs a global confirm across all confirmable
groups. Confirmation is rejected if parts collide or lack support,
with visual and haptic feedback indicating the failure reason.

3.3 Visualization

The interface provides two complementary visual encodings
that communicate the constraint hierarchy and delegation state
(see Fig. 1):

Animated directional lines connect each child group to its par-
ent using animated chevrons that flow parent-to-child, color-coded
blue (prescribed) or orange (delegated). We chose animated direc-
tional edges following Biischel et al.’s [10] finding that animated
edges were effective for directed graph perception in XR, and Joos

Figure 3: Bimanual nesting and mode toggling. (a) Author holds two
parts, one per hand. (b) Releasing the right-hand part nests it under
the left, creating a prescribed (blue) parent—child link. (c) B/Y toggles
the child to delegated (orange). (d) An enclosing volume appears,
marking the group for executor-determined pose.

et al.’s [25] finding that node-link representations outperform ma-
trix encodings for network comparison tasks in XR. Lines are al-
ways visible, providing a persistent hierarchy overview; no lines
are drawn to the workspace root.

Demand-driven enclosing volumes appear on delegated groups
when either controller is within 12 cm of the group’s centroid (and
hidden during grab), marking where the executor determines final
configuration. Each volume is an implicit isosurface [7]: per-part
voxel centers contribute sphere signed distance field (SDF) primi-
tives blended via polynomial smooth-min [42], with the mesh ex-
tracted by GPU marching cubes [32]. The resulting surface con-
forms organically to the group’s geometry rather than enclosing it
in a bounding box, providing a tighter visual proxy of group ex-
tent. This hybrid avoids clutter by combining persistent lines for
hierarchy overview with on-demand enclosures for group member-
ship, following evidence that multi-layout designs outperform sin-
gle representations for hierarchical visualization in immersive en-
vironments [6]. Prescribed groups are never shown as volumes, so
volumes are a visual marker of delegation.

Confirmation feedback uses per-part outline states: green (con-
firmed), gold (changed since last confirmation), and red (colliding).

3.4 End-to-End Pipeline

The interface connects to an end-to-end pipeline from XR con-
straint authoring to simulated execution.

XR Frontend (Unity): Authors specify constraints using the in-
terface described above. The interface records part poses, hierarchy
structure, and within-group constraint modes.

Workspace Optimization: For delegated groups, the optimizer
determines feasible poses satisfying collision, support, and reacha-
bility constraints using a hybrid solver cascade. The pose of each
delegated group serves as a decision variable; prescribed poses pass
through directly.

Motion Planning: Optimized poses are translated into
Movelt [14] planning goals using RRT-Connect (OMPL, 2s time-
out), sequenced by Task Constructor [18].
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Simulation: Trajectories are executed on a simulated Universal
Robots URS5 arm in MuJoCo [54] to verify end-to-end feasibility.

4 USER STUDY
4.1 Pilot User Study

We conducted an initial pilot study (n = 4), approved by our insti-
tutional review board, to refine the interface design and calibrate
the study parameters. Pilot participants completed the full study
protocol and provided verbal feedback throughout.

Visualization. The initial interface used nested hull enclosures
(semi-transparent bounding volumes) to communicate hierarchy
and delegation state; pilot participants reported excessive visual
clutter in deeper hierarchies. We replaced these with the current
two-layer design: animated directional lines for persistent hierar-
chy encoding and enclosing volumes appearing only on delegated
groups when the controller is nearby (Sec. 3).

Interaction. Pilot sessions revealed that participants frequently
attempted proximity-based nesting rather than the bimanual trigger
gesture. We refined the visual and haptic feedback to make the
bimanual nesting gesture more discoverable and added scaffolded
practice trials to the training protocol.

Study calibration. Pilot-study data informed the power analysis
and sample size determination (Sec. 4.5).

4.2 Formal User Study

We conducted a within-subjects study, approved by our institutional
reivew board, comparing prescribed-only authoring against dual-
mode (prescribed and delegated) authoring for hierarchical assem-
bly constraint specification. To isolate the effect of delegation, the
study adapts the full interface described above in several ways:

Assembly mechanics. All study trials use polycube pieces to
control for part geometry, with connection points defined in trial
configuration files: pentacubes (5 unit cubes) for regular parts and
decacubes (10 unit cubes) for fixtures, providing uniform geometric
complexity with full 6DoF relevance.

Parts snapped together when brought within +2cm transla-
tional and +10° rotational tolerance of defined connection points
(informed by mid-air docking thresholds reported by Vuibert et
al. [56], adjusted for our polycube geometry), automatically estab-
lishing the snapped part as a child of the stationary target. Children
followed their parent when moved, forming rigid units.

Task guidance. Assembly guidance was provided through float-
ing World-in-Miniature (WiM) displays [50]: each task received
its own WiM showing the target configuration at reduced scale.
WiMs were revealed progressively as dependency-graph prerequi-
sites were satisfied, allowing independent branches to progress at
different rates. WiMs were placed along the near edge pf a virtual
table, building progressively as tasks unlocked and consolidating as
merges occurred.

Offline evaluation. No optimizer or planner ran during the
study. The interface recorded constraint specifications at each con-
firmation action; these were replayed offline to evaluate planning
feasibility (Sec. 6), ensuring identical runtime behavior across con-
ditions.

Conditions. Both conditions share all adaptations above, the
same hierarchy visualization (animated directional lines), bimanual
nesting, and confirmation mechanics. Both conditions also share
identical visual feedback for confirmed (green), changed (gold),
and colliding (red) states. In the prescribed-only condition, the del-
egation toggle is locked (all groups remain prescribed, no delegated
volumes appear); participants specify all poses themselves. In the
dual-mode condition, all groups begin as prescribed; the toggle is
unlocked with a button press and delegated volumes provide addi-
tional visual feedback; participants can mark groups as delegated
at arrangement levels, signaling that the executor should determine

the pose. The independent variable is therefore isolated to delega-
tion choice. Block order was counterbalanced (10 per ordering),
and each block was preceded by condition-specific training (three
practice trials of increasing complexity).

4.3 Research Questions and Hypotheses

All study tasks are fundamentally constraint-specification acts:
placing one entity relative to another. We distinguish two task types
based on the constraint level:

* Assembly tasks connect parts face-to-face with a defined tar-
get pose (tight tolerance). These are mechanically identical in
both conditions; the optimizer has no role.

* Arrangement tasks lay out assembled groups on a fixture
surface (bounded, no target pose, collision-free and sup-
ported). This is where delegation and the optimizer operate
in dual-mode.

We investigated four research questions:

* RQ1 (Task Time): Does dual-mode authoring reduce task
completion time compared to prescribed-only authoring, and
does the effect differ by task type?

* RQ2 (Robot Outcomes): Does the dual-mode workflow
(authoring + optimization) produce better downstream robot
planning outcomes than prescribed-only authoring?

* RQ3 (Workload): Does dual-mode authoring reduce per-
ceived workload?

* RQ4 (Preference): Do authors prefer dual-mode over
prescribed-only authoring?

Confirmatory hypotheses (each at & = .05; no cross-family
correction):

e H1 (Task Time): Dual-mode authoring reduces task com-
pletion time (main effect of condition in Gamma General-
ized Linear Mixed Effects Model (GLMM) with log link and
task_type as covariate). The condition x task_type interaction
is reported as an exploratory contrast.

¢ H2 (Robot Outcomes): The dual-mode workflow (author-
ing + optimization) produces superior end-to-end planning
metrics compared to prescribed-only authoring (inter-group
clearance; Wilcoxon signed-rank on paired per-participant
means).

* H3 (Workload): Unweighted NASA-TLX total score is
lower in dual-mode than prescribed-only (Wilcoxon signed-
rank).

o H4 (Preference): Participants prefer dual-mode in post-study
forced-choice (binomial test) with a reasoning item (speed,
effort, trust, or other).

Exploratory measurements: Condition x task_type interaction
(whether the dual-mode advantage differs between assembly and
arrangement), delegation timing (early vs. late), hierarchy churn,
per-structure breakdowns, MRT-A as moderator, trial order effects.

4.4 Task Design

All trials use pick-and-place assembly; Fastening operations are
excluded as orthogonal to specification strategy. All assembled
groups must be physically supported (resting on a surface, whether
a fixture or the table; see Fig. 4), so participants must manage place-
ment throughout assembly, not only at explicit arrangement levels.
Each structure also includes a final table-arrangement step (placing
the completed fixture assembly on the table); This step is trivially
short (typically <1 s) as it involves no meaningful spatial decision.

We designed three structures of increasing complexity, spanning
two and four hierarchy levels (Fig. 2):
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Figure 4: Progression of a T2 dual-mode trial. (a) Subassemblies assembled onto fixtures; orange volumes mark delegated groups, animated
lines show hierarchy. (b) Fixtures lifted with subassemblies; blue lines indicate prescribed parts, unassembled parts remain on the table.
(c) Fixtures connected into a single delegated structure (orange volume); guidance miniatures (left) show remaining tasks.

* T1 (6 parts, 2 levels, O fixtures): Three pair assemblies ar-
ranged on the table. 3 assembly + 1 arrangement = 4 level-
tasks.

* T2 (10 parts, 4 levels, 2 fixtures): Assemblies arranged on
two fixtures, fixtures merged, then the merged unit arranged
on the table. 5 assembly + 3 arrangement = 8 level-tasks.

» T3 (15 parts, 4 levels, 3 fixtures): Assemblies on three fixtures
with multi-level merges. 8 assembly + 4 arrangement = 12
level-tasks.

These three structures vary in number of parts (6, 10, 15), fixture
count (0, 2, 3), and hierarchy depth. Structure is treated as an or-
dinal complexity factor in the analysis since the dimensions cannot
be disentangled. Per-structure breakdowns are reported for gener-
alizability.

Trial set. Each block contains five scored trials: 2xT1, 2xT2,
1xT3. Trial order is semi-randomized (T3 cannot be first, as its 15-
part complexity could cause early fatigue that contaminates subse-
quent trials). The same polycube configurations are reused across
blocks, controlling for geometry; any performance difference is at-
tributable to the condition. Using the same configurations across
blocks also reduces the asset-creation burden.

The WiM-based guidance (per-task miniatures with progressive
reveal gated by the dependency graph) and all assembly mechanics
are shared across conditions. Neither condition provides ghost parts
or directional cues; participants reason spatially from the miniature
reference.

There are 5 trials per block x 2 blocks = 10 scored trials per
participant. Each trial produces 2 (T1), 4 (T2), or 5 (T3) level-
task observations (one per hierarchy level); after excluding zero-
duration observations, 588 level-task observations enter the primary
analysis.

4.5 Participants and Power Analysis

We determined the target sample size using data from our initial
pilot study (Sec. 4.1). The primary target was H1 (main effect of
condition on task completion time). Pilot participants showed a
paired effect size of d; = 1.47 on trial time (log-scale d, = 1.47,
ratio = 1.48x). Conservatively halving this effect to d; = 0.74 to
account for regression to the mean and the simplification from a
GLMM to a paired z-test, power analysis using the pwr R pack-
age [9] indicated > 80% power atn = 17 (o = .05, two-tailed). We
targeted n = 20 to provide a buffer for exclusions. At n = 20, sensi-

tivity analysis indicated a minimum detectable effect of d; = 0.66 at
80% power, and the achieved power for the conservative effect size
was 87.6%. This paired z-test estimate is conservative relative to
the Gamma GLMM used in the primary analysis, which leverages
level-task observations rather than participant-level means.

We recruited 21 participants from our institutional community
(identified below as P1-P21, with one excluded for failure to com-
plete either practice block), yielding a final sample of n =20 (9
female, 11 male; ages 19-33, M = 23.6, SD = 3.1). Self-reported
XR experience ranged from none (2) to daily or more (7), with
the majority reporting monthly use (9) and two reported weekly
use. All participants had normal or corrected-to-normal vision,
passed Ishihara color-vision—deficiency screening, and completed
the Stereo Fly test [49] and Mental Rotation Test (MRT-A) [37] as
pre-questionnaires. Exclusion criteria included: cybersickness re-
quiring session termination and failure to complete either practice
block. Participants received modest monetary compenation (cur-
rency suppressed for blind review); all sessions were completed
within 90 minutes.

4.6 Procedure

Participants used a Meta Quest 3 headset with two controllers, con-
nected through Meta Quest Link to a Windows 11 computer with
an NVIDIA RTX 3080 GPU. After providing informed consent,
participants completed a demographics questionnaire and the tests
mentioned above. The experimenter explained the task and demon-
strated the interactions relevant to the first block.

After pre-study screening, participants completed two counter-
balanced blocks. Each block began with condition-specific train-
ing (three scaffolded practice trials: 2-part assembly basics, 4-part
arrangement with delegation, and a 6-part fixture workflow; dual-
mode blocks added a non-interactive walkthrough of nesting and
delegation toggle). The scored block comprised five trials (2xT1,
2xT2, 1xT3), followed by an unweighted NASA-TLX question-
naire [35], modified to use a 1-7 scale [1], with 1 as best, rather
than the original 0-20 scale. After a break, participants completed
the second block under the other condition (same configurations,
new order). A forced-choice preference item followed the second
block. Block order was counterbalanced (10 per ordering); trial
order within each block was semi-randomized (T3 not first).

4.7 Measures

Task completion time (primary dependent variable; H1): Time
from when a level becomes active (all prerequisites in the depen-
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dency graph satisfied) to when all groups at that level are confirmed.
Levels are contiguous and non-overlapping: the completion event
for one level triggers the start of the next level. Assembly levels
end at the final snap confirmation; surface placement of assembled
groups occurs in the subsequent arrangement level.

Unweighted NASA-TLX (H3): Six subscales adapted to 7-
point Likert scales (1-7) [21], administered once per block.

Preference (H4): Post-study forced-choice with reasoning item
(speed, effort, trust, or other).

Planner metrics (H2): Inter-group clearance, evaluated offline
(Sec. 6).

Additional measures: grab count per arrangement task,
dominant-hand path length from 30 Hz tracking, delegation rate and
toggle count (dual-mode only), MRT-A score, and semi-structured
interview feedback.

5 RESULTS
5.1 Analysis Plan

Each confirmatory hypothesis tests a different construct and is ana-
lyzed independently at o¢ = .05; within H2, Holm—Bonferroni cor-
rection is applied across its dependent variables. The H1 model
is a Gamma GLMM with log link, which directly models positive-
valued right-skewed completion times with variance proportional
to the mean:

task-time ~ condition + task-type + (1 |
participant) + (1 | trial),

where condition is sum-coded (£0.5), task_type is binary (as-
sembly vs. arrangement), and trial is a crossed random intercept
(5 levels). Block order (which condition was experienced first)
was tested as a covariate to check for order and learning effects;
it was not significant (p = .24) and was dropped. Coefficients on
the log link are interpretable as multiplicative effects on completion
time. Random slopes for condition were attempted but produced
a singular fit (slope variance estimated at zero), indicating neg-
ligible between-participant variation in the condition effect; they
were dropped in favor of the more parsimonious random-intercepts
model.

5.2 Task Time (RQ1, H1)

To address RQ1, we fit a Gamma GLMM with log link, condi-
tion (sum-coded) and task_type as fixed effects, and random in-
tercepts for participant and trial (n = 20, 588 level-task observa-
tions). Dual-mode authoring significantly reduced task completion
time: b = —0.38 on the log scale (exp(b) = 0.68, a 32% multiplica-
tive reduction), z = —3.12, p = .002. In exploratory per-task-type
contrasts, assembly tasks were significantly faster in dual-mode
(prescribed-only M = 112.2s vs. dual-mode M = 68.5s; paired
t(19) = 3.59, p = .002, Cohen’s d; = 0.80; Fig. 5). Arrangement
tasks showed a non-significant 14.7% reduction (M = 31.3s vs.
M =26.7s; t(19) = 1.24, p = .23). The condition x task_type
interaction was not significant (b = 0.16, z = 0.68, p = .50). The
assembly-level speedup is concentrated at fixture-connection levels
(L2/L3 in T2 and T3), where the effect is 2.5-2.7 x. In these levels,
assembling two fixtures together physically repositions one fixture
to align with the other, displacing the sub-assemblies arranged on
them. In prescribed-only, confirmation rechecks the displaced ar-
rangement constraints and fails, forcing participants to readjust ev-
ery sub-assembly back into tolerance. In dual-mode, those arrange-
ment constraints are delegated and pass regardless of displacement,
so confirmation succeeds immediately. Initial assembly levels (LO)
show a smaller difference (1.4x), consistent with the part-to-part
assembly mechanics being identical across conditions.

In exploratory per-structure contrasts, the dual-mode advantage
grew with structure complexity (T1: 22%, T2: 31%, T3: 36%
faster; Fig. 5a), though the condition X structure interactions were

not significant (T2: b = —0.20, z = —1.67, p = .095; T3: b =
—0.23,z=—1.57, p=.116).
Robot planning outcomes (H2) are reported in Sec. 6.

5.3 Workload and Preference (RQ3, H3, RQ4, H4)

H3 (Workload). Unweighted NASA-TLX total scores (7-point
adapted scales) were significantly lower in dual-mode (M =
17.8, Mdn = 16.5) than prescribed-only (M = 23.5, Mdn = 23.0;
Wilcoxon W =192, p = .001). Five of six subscales reached
significance: Mental (p = .001), Physical (p = .004), Temporal
(p = .014), Effort (p = .005), and Frustration (p = .006); Perfor-
mance was marginal (p = .051). All six favored dual-mode, con-
firming that delegation reduced perceived workload (Fig. 6a,b).

H4 (Preference). 17 of 20 participants (85%) preferred dual-
mode (binomial p = .003; Fig. 6¢). The three participants who
preferred prescribed-only cited familiarity (P8, P14) or discomfort
with the additional interface complexity (P3).

5.4 Additional Analyses

Delegation rate. Delegation scaled significantly with structure
complexity: M = 2.0 (T1), M = 6.0 (T2), M = 9.4 (T3) delegated
groups per trial (Kruskal-Wallis H = 42.3, p < .0001). Toggle us-
age followed the same pattern (M = 1.7, M =5.9, M = 9.4 for T1,
T2, T3 respectively). The overall delegation rate was 73.3%, scal-
ing from 57.5% (T1) to 80.8% (T2) to 90.0% (T3). 19 of 20 par-
ticipants delegated at least one group; one participant (P20) never
delegated in dual-mode but is retained under intent-to-treat. Tog-
gle counts confirm that delegation reflects active participant choices
rather than passive acceptance of defaults.

Grab count. Grab counts at arrangement tasks did not differ
significantly between conditions (prescribed-only M = 7.6 vs. dual-
mode M =9.0; U = 6217, p =.18). The numerical increase in dual-
mode is consistent with delegation shifting effort from spatial rea-
soning to physical exploration, though this interpretation requires
further investigation.

Hand path length. Dominant-hand path length was 20.6%
shorter in dual-mode (M = 31.0 m vs. prescribed-only M = 39.0 m),
though this did not reach significance (1(19) = 1.30, p = .21). The
reduction was largest for T3 (M = 32.9 m vs. M = 59.4 m); neither
the overall nor per-structure differences were statistically reliable.

5.5 Sensitivity Analyses

To assess robustness, we applied an extended Tukey fence
(£3xIQR) to the level-task completion times, removing 11 ex-
treme observations (all >289s, primarily T3 assembly tasks
in prescribed-only, where connecting fixtures displaced sub-
assemblies and triggered repeated confirm failures). The HI main
effect of condition remained significant (b = —0.31, z = —3.38,
p < .001). The same criterion applied to unweighted NASA-TLX
paired differences identified no outliers (H3 p = .001 unchanged).
We also verified robustness to participant exclusion: one partici-
pant (P20) never delegated in the dual-mode condition (intent-to-
treat); excluding P20 strengthened the condition effect (b = —0.35,
7= —3.73, p < .001) and preference remained significant (16/19,
p = .004). Block order was not significant (p = .24) and did not in-
teract with condition. All confirmatory results (H1-H4) are robust
across these specifications.

5.6 Qualitative Observations

Post-block free-response comments and the forced-choice prefer-
ence reasoning item revealed three recurring themes across partici-
pants.

Reduced spatial planning burden. The most frequent theme
was that delegation removed the need to mentally plan table ar-
rangements. P21 observed that dual-mode was “easier in the sense
that I do not have to put stuff on the table every time I complete
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Figure 6: Workload and preference. (a) NASA-TLX totals by condition (paired lines). (b) TLX subscale means (+1 SE). (c) Forced-choice
preference: 17/20 preferred dual-mode (p = .003).

a task,” adding that “it is easier to put all the assembly in the air because they “couldn’t use the collision / support avoider” available
as there are more room to manage.” P5 reported the experience as in dual-mode.
“a lot more smoother and flexible,” and P1 explained their prefer-
ence by noting “it was easier to not have to put things together if it 6 ROBOT PLANNING EVALUATION (RQ2, H2)
wasn’t necessary.” P7 cited that “a lot of difficulty was when I had To address RQ2 and test H2, we conducted an offline planner eval-
to place it on the bottom surface and when I had to stack them to- uation comparing specifications from both conditions (Fig. 7).
gether,” which delegation removed. P5 specifically attributed their
preference to not having “to worry about support.” 6.1 Method

Organizational affordances. Several participants used the hier- We replayed each participant’s constraint specifications offline
archical grouping system beyond its intended purpose. P8 used the through the workspace optimizer and motion planner. Assembly-
parenting system “for organization rather than disabling the col- level poses are identical between conditions; the difference arises at
lider,” suggesting emergent uses beyond our design intent. P9 val- arrangement levels, where dual-mode uses optimizer-chosen poses
ued the visual feedback, IlOtiIlg “being able to have pieces farther for delegated groups. We tested 100 speciﬁcati()ns per condition
away but still connected through a parent child relationship made it (5 trials x 20 participants), evaluating inter-group clearance (the
easier to visualize,” and that the convex hull display helped manage minimum distance between any two groups’ b()unding volumes),
spatial relationships. P11 found that “the toggling system helped” which determines whether a robot gripper can access each part
manage stress with many objects, as it provided a way to “handle without contacting adjacent groups. To validate end-to-end feasi-
a large number of objects” with “less effort in moving around indi- bility, we executed all specifications through a simulated URS5 in
vidual things.” MuJoCo [54] with collision-free motion planning (RRT-Connect,

Learning curve and interface complexity. The three partici- 2's timeout, 8 grasp orientations).
pants who preferred prescribed-only (P3, P8, P14) cited interface
complexity as the primary reason. P14 reported sometimes forget- 6.2 Results
ting “the meaning of the blue/orange lines (what color represents Of 100 dual-mode trials, participants delegated at least one group
what mode)” and preferred prescribed-only because there was “one in 69 (69%). The hierarchical workspace optimizer succeeded
less button to think about.” P8, who stated they “did not really use on all 69 trials (100% feasibility), resolving poses in a mean of
the orange frame functionality” initially, preferred the simpler UL 0.02 seconds per trial. To validate end-to-end feasibility, we ex-
However, participants who initially struggled reported rapid adap- ecuted all 200 specifications (100 per condition) on a simulated
tation: P6 noted the dual-mode interface “got a lot easier” with URS robot arm in MuJoCo [54]; the robot successfully completed
practice, and P16 expressed frustration in the prescribed-only block pick-and-place sequences for both prescribed and delegated groups,
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with comparable execution times across conditions (prescribed-
only: M = 125s; dual-mode: M = 1325s; p =.19).

Clearance. The primary H2 signal is inter-group clearance,
which determines whether the robot gripper can access each part
without collision. Prescribed-only specifications had a median
clearance of 0 mm (mean 21.5 mm), indicating that participants fre-
quently placed groups flush against each other or overlapping. Af-
ter optimization, dual-mode specifications achieved a median clear-
ance of 50 mm (mean 67.0 mm), a significant improvement (W =0,
p < .001, Wilcoxon signed-rank on paired per-participant means;
16 of 20 participants improved). Clearance scaled inversely with
structure complexity: T1 trials (table-only) averaged 101 mm, T2
(2 fixtures) 65 mm, and T3 (3 fixtures) 18 mm.

7 DiscussION

Our results support the hypothesis that allowing authors to delegate
spatial decisions to a downstream executor reduces task comple-
tion time, reduces workload, improves robot-executable specifica-
tion quality, and is preferred by most users.

7.1 Assembly Time Reduction Driven by Fixture-
Connection Displacement

The dual-mode advantage was strongest for assembly tasks (p =
.002), concentrated at fixture-connection levels (L2/L3 in T2 and
T3, 2.5-2.7x faster). When two fixtures are assembled together, the
connection physically repositions one fixture to align with the other,
displacing the sub-assemblies arranged on it. In the prescribed-only
condition, confirmation rechecks the displaced arrangement con-
straints and fails, forcing participants to regrab and readjust every
sub-assembly back into tolerance. In dual-mode, those arrangement
constraints are delegated and pass regardless of displacement, so
confirmation succeeds immediately. P21 captured this experience:
dual-mode was “easier in the sense that I do not have to put stuff on
the table every time I complete a task.” Initial assembly levels (LO)
showed a smaller difference (1.4 x), consistent with the part-to-part
assembly mechanics being identical across conditions. Arrange-
ment tasks showed a non-significant reduction (p = .23), likely be-
cause arrangement-level placement is inherently faster (fewer parts
to coordinate) and the delegation benefit is proportionally smaller.

7.2 Delegation Scales with Complexity

Delegation increased with structure complexity (T1: 57.5%, T2:
80.8%, T3: 90.0%), with the near-total rate for T3 suggesting that
for complex assemblies, authors naturally converge toward high
delegation. Toggle counts followed the same pattern, confirm-
ing that delegation reflects active participant choices rather than
default-to-delegated bias.

7.3 Dual-Mode Workflow Improves End-to-End Feasibil-
ity

H2 compares the end-to-end workflows, not human versus opti-
mizer in isolation: prescribed-only authoring produces fixed spec-
ifications with no downstream optimization, while dual-mode au-
thoring enables an optimizer to resolve delegated poses. The
practical finding is that prescribed-only specifications lack grip-
per clearance: median inter-group clearance was O mm (groups
placed flush). Human authors, without access to robot kinematic
constraints, routinely produce specifications that leave insufficient
space for downstream execution. The dual-mode workflow, by
enabling delegation, allows the optimizer to achieve 50 mm me-
dian clearance. The optimizer improvement over human-placed
poses is expected by construction; the contribution is a specifica-
tion paradigm that makes optimization possible by separating intent
(which parts connect) from spatial detail (where they sit).

7.4 Workload and Preference Favor Dual-Mode

Unweighted NASA-TLX total scores (7-point adapted scales,
summed across six subscales) were significantly lower for dual-
mode (M = 17.8 vs M =23.5, p = .001), with five of six subscales
reaching significance and all six favoring dual-mode. This is con-
sistent with prior work on the relationship between decision author-
ity and operator workload [26]. 85% of participants preferred dual-
mode (p = .003), citing reduced spatial reasoning burden and the
ability to focus on assembly relationships rather than exact poses.
The three participants who preferred prescribed-only cited famil-
iarity and simplicity, suggesting that the additional interface com-
plexity of dual-mode carries its own cognitive cost. That the dual-
mode time advantage grew with structure complexity (22% for T1
to 36% for T3) is consistent with this trade-off: for simpler struc-
tures, the cognitive overhead of managing delegation may offset its
spatial planning benefit, while for complex structures, the reduction
in spatial management dominates.

7.5 When Human-in-the-Loop Constraint Authoring Is
Needed

Our work targets the middle of the automation spectrum [36, 13],
between fully automated systems that derive constraints from CAD
models [8, 59, 12, 4, 43] and manual waypoint programming.
Following the function allocation principle [16], the author pro-
vides relational intent while the executor optimizes spatial details.
This division of decision-making authority aligns with findings that
worker satisfaction is driven by team efficiency rather than re-
tained control [17], supporting delegation when it improves out-
comes. This division is most valuable when no CAD model ex-
ists (maintenance, repair, rapid prototyping), when subassemblies
share a workspace requiring reachability optimization, or when do-
main knowledge must be encoded by a human. Delegated con-
straints are also portable: inter-part relationships remain valid
across workspaces, reducing respecification to hierarchy adjust-
ments rather than reauthoring every pose.

7.6 Constraint-Based XR Authoring Design Guidelines

Based on our findings, we propose three design guidelines:

Support within-group delegation granularity. Participants
prescribed fixtures while delegating children arranged on them
(57.5-90.0% delegation rate), demonstrating selective, context-
dependent delegation rather than all-or-nothing use. Interfaces that
offer only global delegation modes would not support this observed
strategy.

Separate hierarchy encoding from delegation encoding. Our
pilot revealed that a single visual channel (nested hull enclosures)
could not simultaneously communicate both parent—child relation-
ships and prescribed/delegated state (Sec. 4.1). We resolved this
by splitting the encodings: persistent animated lines for hierarchy
and on-demand volumes for delegation. Constraint-based authoring
interfaces should use distinct visual channels for structure (which
parts belong together) and authority (who determines their pose).

Preserve hierarchy in downstream optimization. Constraint-
based authoring produces hierarchical specifications that down-
stream optimizers must respect. Our optimizer resolves placements
layer by layer (parents before children), and the 100% feasibility
rate depends on this ordering. A flat optimizer that ignores hierar-
chy depth would place children without knowing their parent sur-
face, producing infeasible configurations.

8 LiMITATIONS AND FUTURE WORK

8.1 Study Limitations

All trials used polycube assets with a single simulated robot (URS);
diverse parts and robot morphologies could test generalizability.

Both conditions share the same hierarchy visualization, isolating
the IV to delegation choice, though dual-mode necessarily includes
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Figure 7: End-to-end pipeline for a T2 trial. (a) Authored constraint hierarchy: the fixture group (F1+F2) and four subassemblies are all delegated
(orange). (b) The workspace optimizer resolves collisions among delegated groups (left) to produce a collision-free arrangement (right) while
preserving prescribed poses. (c) Simulated UR5 in MuJoCo executing the planned pick-and-place sequence.

delegated volumes as part of the delegation mechanism. This addi-
tional visual feedback is a potential confound: dual-mode partici-
pants receive richer spatial information (on-demand enclosing vol-
umes) that could independently aid spatial reasoning. However, the
primary HI effect is concentrated at fixture-connection assembly
levels where assembling fixtures together displaces sub-assemblies
(delegated arrangement constraints absorb the displacement, while
prescribed constraints require manual repair), not spatial reasoning
aided by volumes. One participant (P20) never delegated in dual-
mode yet still experienced the dual-mode interface; P20’s data pro-
vides a natural control for the visual feedback confound and is re-
tained under intent-to-treat. Future work could test whether visual
feedback alone (volumes without functional delegation) accounts
for part of the observed effect at arrangement levels. Structure (T1-
T3) confounds parts, levels, and fixtures, inherent to the domain; we
treat it as an ordinal complexity factor.

8.2 Planner Evaluation Scope

Our evaluation assesses pose feasibility but not grasp synthesis or
post-assembly manipulation. Extending to tight-tolerance domains
and multi-robot work allocation (assigning delegated groups across
manipulators based on reachability) are the next steps.

8.3 Future Directions

Our hierarchical constraint model couples semantic grouping with
kinematic parenting: nesting a part under a group both declares a
spatial relationship and makes the child move when the parent is
manipulated. This coupling creates friction when the author wants
to position two related parts without either serving as a fixed refer-
ence. Another solution would decouple the constraint graph from
the kinematic hierarchy, supporting relational constraints (e.g., “A
is adjacent to B”) without implying motion propagation. Proxy-
mediated interaction [63] offers another avenue.

A related direction is the strictly acyclic hierarchy. Allowing
bounded bidirectional propagation (moving a child repositions its
immediate parent, but no further) could enable richer constraint se-
mantics for mutually constraining parts. An alternative top-down
paradigm in which the author sculpta spatial regions and assigns
objects to them could simplify workspace layout tasks whose rele-
vant abstraction is “this zone is delegated” rather than “these parts
form a group.” A top-down approach would also pair naturally with
real-time visual feedback of optimizer solutions during authoring.

9 CONCLUSIONS

We presented an XR constraint-authoring interface that separates
the author who specifies constraints from the executor who car-
ries them out. Authors build a hierarchical constraint tree through
bimanual nesting, with within-group prescribed/delegated modes
controlling how much specification authority to retain versus dele-
gate. Animated directional lines and on-demand enclosing volumes
communicate hierarchy structure and delegation state. A within-
subjects study showed that dual-mode authoring significantly re-
duced task completion time and workload, and was preferred by
most of the participants. Delegation scaled with structure complex-
ity, and the hierarchical optimizer achieved 100% feasibility on all
delegated specifications. Because the authored constraints encode
spatial relationships rather than executor-specific commands, they
can in principle generalize to other downstream assembly work-
flows.
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