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Introduction: In this study, we address intent-driven task planning for complex
multi-action manipulation sequences in heterogeneous multi-robot cells. Given
a perception back-end that outputs a structured object-level scene description
and a human operator’s natural-language intent, we generate a precedence-
consistent object-level robot-action sequence, which can then be executed by
passing each such action to a lower-level motion planning module.

Methods: The pipeline integrates i. perception-to-text scene encoding, ii. an
ensemble of large language models (LLMs) that generate candidate action
sequences based on the operator’s intent, iii. an LLM-based verifier that enforces
formatting and precedence constraints, and iv. a deterministic consistency filter
that rejects hallucinated objects. The pipeline is evaluated on an example task in
which two robot arms work collaboratively to dismantle an electric-vehicle (EV)
battery for recycling applications. A variety of components must be grasped and
removed in specific sequences, determined either by human instructions or by
task-order feasibility decisions made by the autonomous system.

Results: On 200 real scenes with 600 operator prompts across five component
classes, we used metrics of full-sequence correctness and next-task correctness
to evaluate and compare five LLM-based planners (including ablation analyses
of pipeline components). We also evaluated the LLM-based human interface in
terms of time to execution and NASA TLX using human participant experiments.
On 200 real scenes and 600 prompts, full-sequence correctness improves
from 0.761 (single LLM) to 0.824 (6-LLM + verifier + deterministic filter), and
next-object correctness improves from 0.866 to 0.894.

Discussion: Results in our case study indicate that our ensemble-with-
verification approach reliably maps operator intent to safe multi-robot plans
while maintaining low user effort.

KEYWORDS

human-robot interaction, intent recognition, large language models, multi-robot
disassembly, task planning

1 Introduction

In this study, we address the problem of planning complex manipulation tasks,
in which multiple robots with different end-effectors and capabilities must plan
and execute concatenated sequences of actions in unstructured scenes, informed
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by i. perception-to-text scene encoding and ii. human operator
intent, inferred from simple natural language instructions.

Traditional, pre-programmed automation has been effective
in highly structured settings, gaining widespread adoption in
automotive manufacturing and other factory assembly tasks
since the 1970s. However, unstructured, variable, and uncertain
environments pose additional challenges, which are a bottleneck
to the robotization of many other societally important industries.
Robotic systems now span diverse application domains, from
micro-robotics in healthcare to service robots and mobile AGVs
and to hazardous environments such as end-of-life disassembly
and nuclear decommissioning (Moshayedi et al., 2024a; b, 2025;
Erdogan et al., 2024; Contreras et al., 2025b; Vitanov et al., 2021;
Bird et al., 2021; Talha et al, 2016; Marturi et al., 2016;
Marturi et al., 2017; Stolkin et al., 2023; Agency, 2025).

The disassembly of electric-vehicle (EV) batteries is a
prototypical task that demands strong generalization from multi-
robot systems. Battery packs vary widely across makes, models, and
model years; there is no stable standard, and the designs evolve
continuously, so the classic “re-program on every new variant”
approach is untenable (Stolkin et al, 2024). Instead, scalable
automation must i. use computer vision to robustly recognize
and localize heterogeneous components and infer how they fit
together; ii. plan low-level actions (grasping, moving, unscrewing,
and cutting) for specific robots on specific parts under perception
uncertainty; iii. schedule and coordinate multi-robot, multi-action
task sequences; and iv. provide an intuitive, high-level interface so
that a recycling worker (without robotics expertise) can quickly
instruct the system. Similar needs arise in other unstructured
settings (e.g., sorting and separating mixed waste streams for
recycling and remote decommissioning of contaminated legacy
facilities in high-hazard environments). Traditional task and motion
planning (TAMP) pipelines, which rely on handcrafted rules and
rigid schedules, struggle to handle such variability (Asif et al., 2024),
motivating the intent-driven, perception-grounded approach we
pursue in this study.

Recent advances in large-scale pre-trained language models
(LLMs) offer new opportunities for flexible, high-level reasoning
over symbolic and spatial descriptions. By leveraging LLMs’ ability
to process and synthesize contextual information, it becomes
feasible to generate executable multi-robot plans from textual
scene descriptions combined with operator intent. Coupled with
perception for perceptual grounding of task representations
and motion planning for execution, this capability reduces
manual modeling effort and enables a more adaptive, scalable
planning pipeline.

1.1 Overview

In this study, we introduce a multi-LLM-based task planning
framework for multi-robot disassembly operations. A user writes
what they want to be taken apart, and the system turns that
request into a step-by-step plan that two robots can safely carry
out. More specifically, the approach integrates vision-based scene
understanding modules with an LLM-driven reasoning layer to infer
object ordering and produce abstract task plans. These are then
grounded into executable sequences via a motion-level planner,
which enforces physical constraints and robot coordination. We
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conduct a structured evaluation based on a custom dataset of
battery disassembly scenarios, using metrics such as task ordering
accuracy and plan execution success rates. The final pipeline
is shown in Figure 1.

This work makes four key contributions: i. an end-to-end,
language-conditioned disassembly pipeline, which maps operator
intent and live perception to executable, precedence-constrained
action lists for multi-arm systems (demonstrated on a two-arm
cell); ii. a domain-agnostic perception-language interface, which
serializes detections from text-output vision models (YOLOVS) as
structured text with coordinates in the operator frame, enabling
spatial reasoning while decoupling detection from planning; iii. a
planner, which uses a single instruction-tuned checkpoint (Qwen3-
32B) with stochastic sampling to produce diverse candidates,
followed by an LLM verifier and a deterministic consistency
filter to enforce precedence and format, and reject objects that
are ungrounded; and iv. a workload-aware human-in-the-loop
execution layer, which coordinates multiple manipulators, using
a digital twin for collision checks and synchronized trajectory
streaming (Movelt), providing a simplified hand-off from plan to
execution to reduce operator cognitive and interaction workload.

1.1.1 Scope and system boundaries

This study contributes to the intent-to-plan layer, mapping
a structured scene state and operator intent to a precedence-
consistent, object-level disassembly sequence, with explicit
verification and deterministic grounding before execution. In our
framework, the perception (YOLOVS in our prototype) and motion
planning/execution (Movelt/OMPL in our prototype) steps are
interchangeable backends and are not the contribution of this
work. For the research, we evaluate three questions: (Q1) Does
ensembling + verification improve plan correctness relative to a
single LLM baseline? (Q2) What is the effect of the deterministic
consistency filter on grounding and plan quality? and (Q3) Can
non-expert users command the two-arm cell using short language

intents with low workload and reduced time-to-action?

2 Literature review

Our setup comprises multiple components, including task
planning, large language models, ensemble methods, operator
intent, and adaptive autonomy. In this section, we review the relevant
work for each component and motivate the design choices used later.

2.1 Task planning and robot allocation

In multi-robot systems, task planning involves selecting and
sequencing a set of high-level actions that collectively achieve
a system-level objective. At the same time, robot allocation
assigns these actions to individual agents based on capabilities,
resources, availability, and spatial constraints. Coordination
between both layers is necessary to ensure efficient and collision-
free movements in shared environments. Classical optimization
methods are often used, such as mixed-integer linear programming
(MILP) and constraint programming (CP), which encode task
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Task-planning pipeline that enhances reliability and flexibility by using an ensemble of LLMs (same checkpoint, different seeds) to generate diverse
solutions from structured inputs. These candidate plans are then synthesized and validated by a dedicated verification module before robot execution.

assignment under resource and precedence constraints (Fatemi-
Anaraki et al., 2023; Touzani et al., 2022). These approaches are very
effective in structured industrial scenarios. Still, they may suffer
from scalability issues and experience degraded performance in
dynamic or uncertain environments.

To improve scalability and adaptation, recent works have
explored the use of heuristic and distributed scheduling methods
(Wang and Chen, 2024; Pan et al., 2024), which show more
responsive and decentralized decision-making capabilities
under uncertainties. Knowledge-based and semantic reasoning
frameworks (Bernardo et al, 2023) have introduced domain
semantics awareness into task planning to interpret object
roles, workspace conditions, and task dependencies. Despite
progress, many frameworks still rely on handcrafted rules, limiting
their adaptability to new tasks or environments. These limits
motivate data-driven approaches that can adapt with less manual
modeling.

We replace much of the handcrafted task-ordering logic with an
LLM ensemble that infers precedence-consistent removal sequences
from general disassembly instructions, a text-based scene encoding,
and an operator prompt. We then double-check these sequences
with an LLM verifier and a deterministic data-consistency filter
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before any motion is executed. The framework also lets the operator
edit the plans and take control at any time.

2.2 Large language models on robotics

The integration of LLMs into robotics has opened avenues for
high-level task planning, semantic perception, and human-robot
interaction (HRI). Among early impactful frameworks, RoboLLM
demonstrated strong performance on vision-language benchmarks
such as ARMBench, showing how LLMs can be grounded in visual
inputs for robotic manipulation tasks (Long et al., 2024). However,
these benchmarks typically represent static or highly structured
environments. Real-world multi-robot systems tend to operate
under unstructured and uncertain conditions.

Working under these constraints, the 3D-LOTUS++ framework
in Towards Generalizable Vision-Language Robotic Manipulation
combines the high-level reasoning of LLMs with the spatial
awareness of vision language models (VLMs) for object localization.
This integration improves generalization in robotic manipulation
(Garcia et al, 2025). Another framework working in this
direction is ManipLLM, which introduces a multimodal LLM-
based manipulation system that focuses on object-centric
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(Li 2024).
methods limited to predefined object categories, ManipLLM uses

reasoning et al, Unlike earlier learning-based
commonsense reasoning chains and test-time adaptation strategies
to generalize across diverse manipulation tasks, performing well in
simulated and real-world environments.

For HRI, recent work has emphasized collaboration with LLMs,
including studies on LLM-enabled robots performing execution,
negotiation, selection, and plan generation (Kim et al., 2024),
along with vision-language-action reasoning combined with
teleoperation (Liu et al, 2024). Findings suggest that although
LLMs excel in affective and negotiation-based interactions, they
struggle to maintain logical consistency and support creative
collaboration.

End-to-end VLMs and vision-language-action (VLA) policies
can map images and language directly to robot actions. These
approaches can generalize broadly, but they are difficult to inspect
and validate in safety-critical industrial settings, and they typically
require domain-aligned robot data and validation in the target cell.
For disassembly, we instead use a modular perception-plan-motion
architecture with an explicit, human-readable intermediate plan and
deterministic grounding (Driess et al., 2023; Brohan et al., 2023).
In our work, we operationalize LLM planning for disassembly tasks
by i. converting RGB-D detections into a structured text scene, ii.
sampling multiple plans from a single LLM checkpoint with different
seeds, iii. verifying logical ordering and precedence with an LLM
instructed for verification tasks, and iv. applying a final algorithmic
data-consistency filter to reduce hallucinations before commanding
the robots.

2.3 Ensembles and instruction tuning

Instruction tuning (IT) adapts a pretrained language model to
follow natural-language prompts by fine-tuning it on instruction
triples (instruction-input-output). The supervised fine-tuning
(SFT) pipeline begins with a training stage over dozens to hundreds
of different tasks (Wei et al., 2022) and sometimes is followed
by a reinforcement learning step with human feedback (RLHF)
using their preference data (Ouyang et al., 2022). Exposing the
systems to highly diverse instructional data and human feedback
provides strong zero-shot generalization on unseen tasks and also
helps reduce toxic behaviors (Wei et al., 2022; Ouyang et al., 2022;
Chung et al, 2022). Early evidence of the strength of SFT
came from FLAN, which fine-tuned a 137B parameter model
on 60+ different tasks and surpassed bigger models in zero-
shot accuracy (Wei et al.,, 2022), with subsequent works showing
that scaling the number of tasks and the model parameters
improves instruction-following abilities and that injecting chain-of-
thought traces during fine-tuning also boosts reasoning accuracy
(Chung et al., 2022).

The increase in IT models prompted the design of specialized
benchmarks that evaluate models on their obedience to explicit
constraints, some of which include IFEval, which judges
whether generated text satisfies verifiable instructions (e.g.,
length or lexical constraints) (Zhou et al., 2023); FollowBench,
which dissects adherence across content, format, and style
dimensions (Jiang et al, 2024); and M-IFEval, which adds
judgment of multilingual instructions, comparing it to the
default IFEval (Dussolle et al., 2025).

Frontiers in Robotics and Al

04

10.3389/frobt.2026.1727433

Ensemble methods can complement instruction tuning. Deep
ensembles improve calibration by aggregating independently
sampled models (Lakshminarayanan et al., 2017). Model-library
selection ensembles pick a diverse subset from thousands
of candidates for optimal accuracy (Caruana et al., 2004).
(MoE) the
Switch Transformer, scale to trillions of parameters, and some

Sparse  mixture-of-expert architectures, using
obtain ensemble-like gains by fusing final layers at fixed
compute by routing a subset of tokens through selected layers
(Fedus et al., 2021; Raposo et al., 2024). Ensembles of instruction-
tuned generators, in theory, could produce higher-quality synthetic
training data and enable self-consistency voting across multiple IT
models, reducing reasoning errors at inference. Yet, despite the
progress in each direction, studies on ensemble design choices
tailored to instruction-following constraints remain limited.

In our study, instead of extra fine-tuning, we perform
an ensemble-at-inference on a single instruction-tuned LLM
checkpoint (in a 1/3/6 ensemble of Qwen3-32B) and add an LLM
verifier for format, precedence, and logical planning verification.
We also enforce an algorithmic filter that checks for hallucinations

as this process is faster and more adaptable than retraining.
2.4 Operator intent

The ability to understand and respond to an operator’s
intentions is a prerequisite for fluent human-robot teaming.
Early Bayesian formulations from motion studies showed that
predicting a collaborator’s next goal allows a robot to adapt
its plan, yielding improvements in both objective and perceived
performance (Liu et al., 2016). Some works have also framed intent
recognition as an online classification problem; in teleoperation
work, for example, navigation and manipulation intents are
able to be inferred and classified with onboard sensing, robot
trajectories, saliency, and geometric cues (Tsagkournis et al., 2023;
Contreras et al., 2025a; Panagopoulos et al., 2021) reaching real-time
accuracy compared to hand-engineered baselines.

Vision-only, zero-shot intent recognition has also shown
reductions in operator effort on unseen manipulation tasks
(Belsare et al., 2025). In multi-robot settings, inferring collective
operator intent introduces additional operator and bandwidth
challenges, with some researchers on human-swarm interaction
marking cognitive load as the main bottleneck when conveying
intent to dozens of agents simultaneously (Kolling et al., 2016).
Shared-control systems take it one step further by blending user
commands with autonomy in proportion to the certainty of inferred
intent, and sometimes, intent-aware assistance is preferred over
full autonomy (Bowman et al., 2024).

Taking from the literature the importance of assistance and
intent recognition, in this study, we treat natural-language prompts
as the explicit operator intent and fuse them with the scene text so
the ensemble orders only disassembly steps that satisfy the prompt
(e.g., “remove only leafcell”), while the verifier enforces logical
disassembly precedence and the filter prevents objects not present
in the scene from appearing. Providing these calculations to the
system keeps cognitive-load low, while it also preserves trust by
allowing operators to verify and change the disassembly order before
execution.
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2.5 Variable autonomy

Variable autonomy (VA) refers to a robot’s ability to modulate
its level of independence, shifting decisions and control between
human operators and onboard autonomy in response to context,
workload, mission phase, or robot conditions (Contreras et al., 2025b;
Methnani et al., 2024; Chiou et al., 2021; Reinmund et al., 2024).
Some adjustable-autonomy frameworks formalize transfer of control
strategies, balancing decision quality against miscoordination costs,
and show performance gains for single operators supervising several
robots at varying autonomy levels (Scerri et al., 2002; Crandall and
Goodrich, 2001). More recently, some research has framed VA as
a prerequisite for trustworthy Al, emphasizing transparency and
explainability as determinants of when autonomy should be ceded
or reclaimed (Methnani et al., 2024).

Language-centric VA mechanisms in multi-robot tasks on VR
testbeds have also been explored (Lakhnati et al., 2024) and have
been shown to be helpful in deciding when to act autonomously
and when to ask an operator for help, further expanding the
available methods for implementing variable autonomy. Variable
autonomy rules and allocation rules can also be learned; for example,
the ATA-HRL framework utilizes hierarchical reinforcement
learning to re-allocate tasks and determine autonomy mode in
multi-human-multi-robot teams, outperforming fixed-autonomy
baselines under dynamic mission conditions (Yuan et al., 2025).

Our planner supports on-the-fly autonomy adjustment via
language; operators may change objectives mid-execution, while the
LLM verifier and algorithmic data-consistency filter preserve safety.
A motion layer allows the coordination of multiple arms without
restarting, enabling the system to maintain a low cognitive workload,
and it also lets operators take control at any time.

3 Methods

When planning for robot disassembly, task hierarchies tend to
be static. However, this limitation prevents systems from adapting to
environmental changes. With vision models, it has been possible to
adapt to changing positions; however, adapting to different operator
intentions and explicit needs remains a challenge. To evaluate our
dynamically adaptive method, we build on our previous studies
(Erdogan et al.,, 2024; Shaarawy et al., 2025) and design a robotic
scene consisting of two UR10e robots with cameras mounted on
their end effectors, tasked with identifying objects that form part of
a disassembly task (Figure 2) and correctly disassembling them. For
this task, we used the weights of YOLOV8 trained on 226 images
from our previous study (Shaarawy et al., 2025) in a real-world
environment, in addition to the use of the pre-trained Qwen-32B
LLM, without any additional fine-tuning.

We deployed our experimental setup across two dedicated desktop
computers. The first system, denoted as PC,, was responsible for real-
time perception and robotic control. PC, featured an Intel i7 CPU,
an NVIDIA GTX 1080 Ti GPU, and 32 GB of RAM. This machine
was directly connected to the Intel RealSense 435i RGB-D cameras
mounted on the robots (Figure 3), which continuously provided
synchronized RGB and depth data. Additionally, PC, managed low-
level control of two universal robot (UR-series) manipulators, handling
joint commands and execution of planned motions.
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FIGURE 2

Example perception output used by the LLM-ensemble planner. A
YOLOvV8 model overlays class labels and confidence scores for the
battery components (Leafcell, Cable, Busbar, Service Plug, and Screw).

The second system, designated PC,, performed high-level
reasoning tasks and hosted the language models utilized in our
experiments. PC, was configured with an Intel i9 CPU, an NVIDIA
RTX 5090 GPU, and 32 GB of RAM. This computer exclusively ran a
quantized (4-bit) version of the Qwen-32B large language model. All
models were served through an Ollama-compatible API, and inter-
system communication between PC, and PC, occurred over a WiFi

network, with 200 ms latency.

3.1 Scene encoding

Raw sensor state x, € R” is segmented by YOLOVS, yielding

s =8(x) = (b

The set s, is rendered as an unstructured string and then
structured and serialized, o, = Serialise(s,).

Excerpt of unstructured
text s,

THIS IS THE PUBLISHED DATA
(dist mode: XYZ)

LeafCell pos [1.304 0.877-0.081]
dist = 1.574 bbox(m): TL [1.454 0.873
0.048] TR [1.455 0.884-0.202] BR
[1.143 0.882-0.204] BL [1.141 0.870
0.046] C [0.189 0.003 0.669]
LeafCell pos [1.309 0.854 0.186] dist =
1.574 ...

Cable pos [1.516 0.900 0.059] dist =
1.764 ...

Screw pos [1.167 0.852 0.092] dist =
1.448 ...

Screw pos [1.438 0.846 0.270] dist =
1.690 ...

Screw pos [1.431 0.854 0.103] dist =
1.669 ...

Screw pos [1.169 0.866 0.032] dist =
1.455 ...

Screw pos [1.167 0.843 0.285] dist =
1.467 ...

Excerpt of structured text
Ot

Group 1: LeafCell is in location
[1.304, 0.877, —0.081] with screw
[1.169, 0.866, 0.032] on top of it
Group 2: LeafCell is in location [1.309,
0.854, 0.186] with screw [1.167, 0.852,
0.092], screw [1.438, 0.846, 0.27],
screw [1.431, 0.854, 0.103], screw
[1.167, 0.843, 0.285] on top of it
Group 3: Cable is in location [1.516,
0.9, 0.059]
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frontiersin.org


https://doi.org/10.3389/frobt.2026.1727433
https://www.frontiersin.org/journals/robotics-and-ai
https://www.frontiersin.org

Erdogan et al.

10.3389/frobt.2026.1727433

FIGURE 3

components arranged on the workbench.

Data-collection setup: two UR10e collaborative robot arms (ROBOT1 and ROBOT?2) equipped with Intel RealSense RGB-D cameras and the

3.2 Coordinate rewrite

Every Cartesian triple [x, y,z] inside o, is replaced by [-z, x, y, d]

using Equation 1:
d=\x*+y*+22, (1)

due to the transformations from the camera to spatial positions
on the operator frame, while all other tokens are left untouched.
The transformed scene text produced by the coordinate rewriting
is provided in Equation 2:

D, = T(at)' (2)

3.3 Generator-system prompt

The prompt 0; transforms the backbone model into a Generator:
from the structured scene description and the operator’s instruction,
it must produce, without commentary, an ordered list of objects
that must be removed. To keep the generator and verifier perfectly
aligned, the prompt first clarifies the role and output contract
and then reminds the model of the coordinate convention already
applied to the received input. A compact input-grammar description
follows, covering how leads, followers, and their positions appear in
each group statement. The prompt then details a domain-agnostic
target-resolution algorithm that defines how to locate requested
objects, accumulate any mandatory blockers, and order the final
removal set. A series of self-checks ensures that the list is complete,
free of duplicates, and respects all ordering rules before emission.
Explicit error strings allow the downstream runner to detect fatal
conditions early, while a disallowed-action section forbids headings,
blank lines, fabricated data, or any explanatory text. Finally, a bank

Frontiers in Robotics and Al

of illustrative examples anchors the model’s behavior on different
corner cases without revealing internal task labels.

Generator system prompt 6;

- Role declaration

- Coordinate convention

- Input grammar description
- Target resolution algorithm
- Self-checklist

- Error strings

- Disallowed actions

- Nlustrative examples

3.4 Generator pass

Let " € U be the operator instruction and 6; € ® be the static
system prompt for model i. The user-role message is U,.

Final user message U,

Here are the data to use: (D,)
This is what I want to do ‘extra prompt’s (u{*"
/no_think

With sampling seed s;, the message sent to the LLM API
is shown in Equation 3:

Pije = [("system",0;),  ("user",U,)]. ®)

Generator LLM message

“System,” 6,
“User,” U,
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3.5 LLM candidate generation

Let Sbe the (finite) set of sampling seeds for the single backbone
model ¢,. For every s; € S, the model processes the payload p; ;, from
Equation 3 and returns a chat trace, as shown in Equation 4:

Cijt = @; (pi,j,t) . (4)

Define the function last:trace — string that keeps only the final
bullet list of a trace. The seed-specific candidate text is therefore

it = last (ci,j’t). (5)

3.6 Verifier system prompt logic

The verifier system prompt 6" guides the LLM into a
verification-focused role, independent from the previous generation
step. Its purpose is to enforce consistency and correctness among
candidate responses. The prompt is explicitly structured into
functional sections, starting with a clear role definition, followed by
a description of the structured input layout provided by the user: this
includes the initial context (system and user prompts) and candidate
responses produced earlier.

A concise summary of the reference algorithm then follows,
outlining how ground truth should be recomputed from the
structured input without relying on task-specific terminology.
Subsequently, the prompt defines multiple categories of validation
criteria, including strict formatting requirements to ensure syntactic
uniformity, presence constraints that mandate exact matches within
the context, ordering rules to maintain algorithmic consistency, and
a policy to eliminate duplicate entries. After validation, the verifier
is tasked with employing a simple decision procedure, selecting the
first candidate list that fulfills all specified criteria. If no candidate
meets all conditions, the verifier must explicitly return an empty
output, prohibiting any form of merging, partial acceptance, or
speculative editing.

Finally, the prompt concludes by precisely specifying the
required output format and explicitly restricting actions that
fall outside its scope, such as commentary, partial lists, or
explanations of additional context. This design systematically
ensures deterministic and reliable verification without disclosing or
embedding unnecessary domain knowledge, enabling it to function
with different unspecified object labels.

Verifier system prompt 6"

- Role and responsibilities definition
- Structured input description

- Generalized algorithm recap

- Validation criteria

- Decision and selection logic

- Explicit output formatting rules

- Restricted actions and prohibitions

3.7 Verifier pass

Let

C,=str (6, U,)

Frontiers in Robotics and Al

10.3389/frobt.2026.1727433

be the printable pair comprising the generation system prompt 6;
and user message U,, as denoted by R, ={r;,|s; € S}. The set of
seed-specific candidate lists is generated in Equation 5. A fixed
deterministic formatter ®@: (context, set of strings) — string produces
the user-side input to the verifier:

ft = CD(Ct»Rt) .

The same LLM checkpoint is invoked once more, now under a
dedicated verifier system prompt 6"'; its output is

v, =g(0".8),

A single cleaned bullet list in plain text is as follows:

Verifier LLM message

System: 6"

User:

= ORIGINAL CONTEXT = = =

(G

=== CANDIDATE RESPONSES = = =
Response 1: (r, )

Response 2: (r, )

Response [S]: (1,
/no_think

3.8 Coordinate extraction

A deterministic parser y strips every <think> block from the
verifier output v, and converts each item into a pair @, q™), where
" = (L, U,Z)". The object coordinates are then mapped back to the
original frame via (L, U,Z) — (x,y,2) = (U, Z,-L), yielding

&=y (v) = {(@".q)"

n=1"

3.9 Algorithmic deterministic verifier/filter

A pair is retained when its text appears verbatim in the
original scene text o, (to remove hallucinations that the ensemble
of generators or the verifier might introduce).

1, ifregex (Z,c]) o,

X (é,q;at =
0, otherwise.

The accepted list is therefore
At — {(Z(Yl),q(n)) | X(Z(Yl),q(n);o.t) —_ 1} .

Since o, is the serialized detector output, the filter enforces that
every accepted item is grounded in the detected state. Consequently,
the accepted set satisfies the system-level guarantee

A, <D, Vi

This guarantee holds relative to the detector output and does not
account for missed or mislocalized detections.

3.10 Robot action execution

The high-level object lists generated using the LLM-ensemble
are executed using a single robot_control ROS node that
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commands both UR10e arms (ROBOT1 and ROBOT2). Built on
Movelt, this node performs motion planning, trajectory streaming,
and run-time safety checks in one process, thereby eliminating the
latency and synchronization issues that arise when an independent
planner drives each arm.

3.10.1 Control pipeline

o Scene initialization— At start-up, the node constructs a shared
Movelt planning scene that includes both physical arms and
a kinematic “digital twin” of the opposite arm to enable local
inter-robot collision checks.
o Task ingestion—Verified object lines (e.g., leafcell [x
y z]) arrive on a ROS topic. They are expanded into
approach-grasp-retreat-place primitives, whose goal poses are
supplied by the YOLO/RealSense perception stream.
Controller  type(s) —and  planning  pipeline(s)—velocity
controller OMPL (Sucan et al., 2012); velocity limits: 20%
of maximum.

For further implementation details, please refer to Shaarawy
etal. (2025).

3.11 Adjustable autonomy modes

The final control interface supports variable autonomy during
planning by allowing the operator to modulate the plan source
at runtime. Full order (human-planned): The operator specifies a
complete ordered list; the verifier and filter check it, and the motion
layer executes it. Partial order (human goal, system completes): The
operator names a target object or a subset of steps. The LLM infers
a precedence-consistent order and inserts mandatory prerequisites.
No order (system-planned): The operator states only a goal (e.g.,
“remove the left leafcell”); the LLM proposes a full plan subject
to verification and filtering. Mid-execution override: The operator
may interrupt an autonomous sequence and issue a new intent; the
pipeline replans without restarting the system.

These modes map control between human and autonomy
depending on operator preference and task context, which defines
the variable autonomy used in this work.

4 Experiment

To utilize the framework, a series of experiments was designed
to prepare, test, and verify its functionality on our disassembly setup.
The goal of the first set of experiments was to select a language
model that accurately and efficiently followed instructions. The
goal of the second set of experiments was to verify robustness
across a variety of object configurations and natural-language intents
within the presented case study, using the same scene-text interface
between perception and planning. The goal for the third and final
set of experiments was to verify its usability in the real world by
conducting a pilot study with non-expert participants.

To perform this set of experiments, we generated a
dataset that worked with our previously trained weights
for YOLOVS (Jacob Solawetz, 2025). The collected dataset consisted
of 200 RGB-D images, obtained using a RealSense 435i stereo
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FIGURE 4
Sample scene showing five battery components (Leafcell, Busbar,
Cable, Service Plug, and Screw).

FIGURE 5

Ghost composite of all RGB frames. Frames are stacked and
intensity-normalized. High-intensity regions indicate frequent
occupancy across scenes; faint structures show sparse placements.

camera. All RGB images passed through our YOLOvVS8 weights,
which provided five different classes (screw, leafcell, cable, busbar,
and service plug). This 200-image dataset is fully different from
the training set and was collected on a multi-robot system,
under controlled conditions to keep the perception and motion
predictable. The purpose of this system was to focus on evaluating
the planning framework.

Figures 3, 4 show an example of object distribution and
robot placement in the scene. Additionally, we analyzed the
object placement distribution by stacking the RGB frames from
all trials, creating a blended distribution of the objects. Figure 5
illustrates the resulting composite, revealing where objects appeared
throughout the experiment. The composite provides a spatial
prior over the workspace: bright areas correspond to positions
of components that appear often in the dataset; dim traces reveal
infrequent positions of components that would otherwise vanish in a
simple average.
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TABLE 1 Screening results for candidate language models (five trials per
model). All models were prompted with an identical instruction set.

Model Failures Observation ‘

qwen3:32b [Reasoning off] 0 Completed every trial; median
latency: approximately 21 s
(range 18 s-24 s). Response
format is always correct, but
inference speed is moderate

compared with smaller models

phi4:latest 5 Failed to produce a valid plan in
every trial, providing unnecessary
explanations, even though
runtimes remained within

30-46 s. Errors stem from
systematic instruction following

issues rather than timeouts

phi4-reasoning:latest 5 No valid output across all runs.
Latency was highly unstable

(16 s-144 s), indicating internal
difficulties in reasoning steps and

overthinking of instructions

Succeeded in the first two trials
(approximately 39 s-48 s) but
failed in the remaining three,
yielding a 40% success rate.
Failures had many varied

phi4-reasoning:plus 3

formatting issues in the output,
although speeds were relatively
fast

gemma3:12b-it-qat 5 Returned malformed responses
in every trial with extra verbosity
(approximately 127 s-129 s). No

successful completions observed

Two successful runs (latencies
33 s and 70 s) but three failures
caused by output format and

gemma3:27b-it-qat 3

verbosity errors, showing
problems in instruction following
steps; overall 40% success and
high variance in turnaround time

Exceeded the 180 s cutoff in all
five trials; treated as hard failures

deepseek-r1:latest 5

with no usable output

qwen3:30b-a3b 3 Completed two trials (in
approximately 36 s) but failed
three. Failures produced verbose,
off-specification answers in less

than 10's

4.1 Selection of the language model

Reliable plan generation demands an LLM that i. follows
our specialized instruction-example prompt format with minimal
hallucinations and ii. produces answers quickly. It must also handle
underspecified user input: operators may request any order aslong as
the text includes at least one object in view; the LLM must then infer
a feasible, precedence-consistent order and insert any mandatory
prerequisites (e.g., remove screws or cables before extracting a
leafcell) that the user did not mention. We screened eight open-
weight LLM models offline (Table 1).

Frontiers in Robotics and Al

09

10.3389/frobt.2026.1727433

Each model received the identical user prompt U, and system
prompt ;. We ran five independent trials per model. A run failed
if the output violated instructions (missing list, wrong delimiter,
fabricated objects, or verbosity that broke the format) or exceeded
180 s. We logged the completion time for successful runs.

The model qwen3:32b completed all five trials, though with a
moderate median latency of 21s. Three models, phi4-reasoning:
plus, qwen3:30b-a3b, and gemma3:27b-it-qat, succeeded in roughly
40% of runs but generated verbose or partially incorrect output
in the remainder. All other checkpoints failed every trial, either
timing out or ignoring mandatory constraints. Detailed outcomes
are provided in Table 1.

Given these results, we selected qwen3:32b for all subsequent
experiments and demonstrations, prioritizing accuracy and overall
task completion rate.

4.2 Pipeline for full correctness

To identify the most effective pipeline configuration, a
comparative evaluation was conducted across several distinct
pipeline setups. Each variant employed the same underlying models
and input prompts, differing only in their structural arrangement.
The evaluated configurations included 1. a single-model baseline,
2. an ensemble of three models combined with a verifier, 3. an
ensemble of six models combined with a verifier, 4. an ensemble of
three models coupled with a verifier and an additional algorithmic
verifier step, and finally, 5. an ensemble of six models integrated with
a verifier and the same algorithmic verifier.

The single-model baseline consisted solely of the primary
model (qwen3:32b), which was executed directly using the
provided prompts without any additional validation steps. Ensemble
configurations involved running multiple models concurrently,
obtaining multiple candidate responses.

Subsequently, in ensemble setups, a verifier LLM took the
candidate responses, systematically evaluated them according to
a provided verification prompt, and returned a single, verified
output. The ensemble variants marked with Algorithmic Verifier
added a final stage where the verified responses underwent an
additional data consistency check. This step retained only responses
explicitly matching the original input data, effectively removing any
potentially hallucinated or incorrect information.

All evaluations were conducted using 600 user-generated
prompts across 200 distinct real robot scenarios (3 per scenario). The
responses were evaluated by operators, who determined whether the
output met the logical requirements of the task while adhering to its
given intent. Figure 6 shows an example of an expected output from a
“full” trial, where an ordered list of objects is likely to be the outcome.

The data from the scenarios and each user prompt were
recorded, and the tasks were repeated three times for each of
the evaluated configurations. Each output was then assessed
under consistent conditions and prompts, ensuring fairness and
comparability across pipeline variants. The primary metrics
recorded included the correctness of outputs, execution time per
pipeline configuration, and adherence to instruction sets. In total,
9,000 experiments were conducted across the five configurations,
with the hypothesis that the model with the largest ensemble and
both verifiers would yield higher accuracy than the single-model
configuration.
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4.3 Pipeline for next object correctness

To further evaluate the effectiveness of each pipeline
configuration, we performed a secondary analysis on the previously
obtained experimental data. In this evaluation, we assessed only
whether the first object in each generated response correctly
matched the next object to be removed, according to the task
logic and intent. The goal of this targeted evaluation was to
determine if ensemble and verifier mechanisms specifically
improve the initial selection within generated action plans.
The verification flow for first-object accuracy is summarized
in Figure 7.

The same five pipeline configurations as in the “full” correctness
trials were compared. No new experiments were conducted; instead,
previously recorded outputs from the original 9,000 trials (600 user-
generated prompts across 200 scenarios, repeated three times per
configuration) were re-evaluated against this narrower correctness
criterion. Figure 6 shows an example of an expected output from a
“next object correctness” trial, where, from the ordered list, only the
first object is kept in the output.

The primary metric recorded was the accuracy of the first
suggested object in the response, specifically assessing whether it
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matched the correct object designated for immediate removal. This
evaluation enabled a direct comparison of pipeline configurations to
determine whether the ensemble and verifier steps provided a clear
advantage over the single-model baseline, particularly in terms of
the accuracy of initial task predictions.

4.4 Real-world usability experiment

We conducted a real-world usability pilot experiment to assess
how non-experts issue intent-driven disassembly commands using
our LLM-ensemble pipeline. Seven volunteers (n = 7), with no
prior experience controlling robots, interacted with the system
via a dedicated front end. The goal was to evaluate operator
user experience and workload when commanding multi-robot
disassembly via natural language.

Each participant issued two intents (one per arm) in plain
language. The pipeline then generated an ordered list per arm that
respected the disassembly precedence (without the need to provide
all objects of the intended disassembly explicitly).

After
representation, Ul elements, and camera views, participants were

a brief, single training session covering scene

instructed to operate a two-arm disassembly system by specifying
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what to remove or disassemble (one natural-language intent per
arm). They observed two example intents during training (e.g.,
“remove only the leafcell from the left module”) and then wrote
their own intents for each scene. We evaluated a single condition:
the full pipeline (selected backbone LLM with the 6-LLM ensemble,
verifier, and final consistency filter) integrated with two UR10e arms;
no alternative planners or interfaces were tested here (comparisons
of the pipeline appear in the offline object correctness experiments),
but a 300 s baseline of an expert operator performing the task
without LLM assistance was recorded.

Participants reviewed each object appearing in the camera views
and in the list of possible objects (screw, leafcell, cable, busbar, and
service plug) before taking any action.

The procedure for each trial experiment was as follows: I.
press Capture to run YOLOvVS and generate the structured text
scene and 3D view; 2. type one intent per arm; 3. press Let LLM
plan to obtain the removal lists; 4. verify that the lists matched
the desired human intent and press Go to execute; and 5. after
execution, report whether each action reflected the true intent and
complete the NASA-TLX questionnaire. The primary measures
were time-to-action and perceived workload (NASA-TLX);
secondary measures included plan acceptance rate and execution
success.

For each participant, we recorded the following: i. LLM
plan  success (Yes/No) for each arm based on participant
confirmation of their intention; ii. time-to-action (seconds until
pressing “Go” with a correct plan); and iii. NASA-TLX workload
questionnaire.

To contextualize time-to-action, we used a manual baseline
from an expert operator. The operator ran YOLOVS, reviewed the
detections, and hand-entered coordinates according to his own
disassembly plan for three items from the YOLO position list. He
then executed the plan (“Go”). The mean over three runs was 300 s.
This baseline is not a paired control; it is only for interpreting the
pipeline times.

After completing the NASA-TLX questionnaire, the participants
were allowed to issue extra commands for exploration; these
interactions were not logged as part of the study dataset. Participants
informally reported that the system was very simple to use and that
they could have completed the trials without the training session.
Some noted that planning also worked with non-English requests
during their exploration attempts.

5 Results

This section reports three things. First, a brief analysis of the
language used in the operator requests to form the dataset is
presented. Second, a quantitative study of the planning pipeline
under various configurations is conducted, comparing different
ablations of the system. Third, the workload analysis and real-world
assessment results are provided.

For the pipeline quantitative study, we evaluate two targets:
i. full correctness (the full removal set in correct order) and ii.
next object correctness (the first object only). For both targets, we
report accuracy and time (average and median) per stage and
ensemble size.
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5.1 Language results

We start with the request language because it sets the operating
context for the planner. The instructions given by the operator shape
intent and action classes, while the presence of specific object names
sets the scope of the feasible plans. Figure 8 summarizes the most
frequent terms and object references.

The dominant words appearing on the requests given by the
operators were want and remove, which align with intent specification
(want) and the disassembly task (remove). Object terms (leafcell, service
plug, busbar, screw, and cable) appear high in the list, with leafcell being
the most mentioned object and cable the least.

Numerically, aggregating singular and plural mentions, the cable
is mentioned more than 90 times, screws more than 100, service
plugs more than 120, busbars more than 125, and leafcells more
than 135. Generic selectors such as all, objects, and everything were
used more than 70 times across the 600 requests. These frequencies
describe the request mix that the ablations evaluate. These do not
change the scoring rules but explain the prevalence of certain object
combinations and the length of outputs in the test cases.

5.2 Pipeline results

We evaluated the pipeline on an operator-prepared fixed dataset
of scenes and prompts, different from the free-form “play” with
non-expert participants. For each scene, we defined one or more
admissible ground-truth removal sequences that satisfy disassembly
precedence. The LLM received an intent prompt that could be a
full or partial order or only a target object; the only requirement
was that the operator prompt reference at least one object in the
current scene. The LLM was allowed to reorder objects and to insert
mandatory prerequisites (e.g., removing screws or cables before a
leafcell) that the user did not explicitly request.

Accuracy was computed using two objective metrics. Full-
sequence correctness: the predicted ordered list exactly matches
any admissible ground-truth sequence. Next-object correctness: the
first predicted object is the correct next action, regardless of the
remaining list. Timing uses the same executions for both analyses.
Therefore, the average and median times are reported once per
configuration and shared across the full and next evaluations.

In Table 2, the accuracies for the different configurations of
1 LLM, 3 LLMs ensemble + verifier (Ensemble), and ensemble +
verifier + algorithmic verifier (Final), along with 6 LLMs ensemble +
verifier (Ensemble) and ensemble + verifier + algorithmic verifier
(Final), are reported, for both full correctness and next object
correctness trials, accompanied by the respective time of their
calculations. For a clearer observation and easier comparison of the
accuracy gains, Figure 9 presents the trendline for both sets of trials
across the various pipeline configurations.

Figure 10 displays a violin plot showing the distribution of time
per request across the dataset, and Figure 11 complements this by
reporting the distribution of final-stage times for the 9,000 runs, with
density values for each of the time bandwidths.

Figure 12 reports per-stage processing times for the full
evaluation. The left panel displays the mean time per request, while
the right panel shows the median time per request. The x-axis
lists stages (LLM, Ensemble, and Final). Within each stage, bars
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FIGURE 8

Token frequency across 600 operator requests. Bars are ordered from rare to common. Colors grade from purple (sparse) through teal to red
(frequent). Red bars highlight the two dominant verbs (want and remove); the teal gradient marks object classes (LeafCell, Service Plug, Busbar, Screw,
and Cable) in order of prominence. At the same time, other less prominent words are shown in purple.
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TABLE 2 Pipeline results from the same executions. Accuracy for Full and
Next analyses, with shared average and median times per configuration.

Accuracy Time (s)
LLMs Stage

Full | Next Avg Med
1 LLM 0.761 0.866 | 5571 | 4260
3 Ensemble 0.787 0.863 | 21.934 | 19.250
3 Final 0.796 0.871 | 22153 | 19.300
6 Ensemble 0.816 0.888 | 32504 | 28.935
6 Final 0.824 0.894 | 32744 | 29.005

correspond to the 1-LLM baseline for LLM and to the 3-LLM and 6-
LLM configurations for Ensemble and Final. The y-axis is measured
in seconds, measured at the time the last word is output.

Figure 13 plots payload size (tokens used) against final-stage
latency for the full evaluation. The left panel uses input token counts;
the right panel uses output token counts. Each point represents a
single request from the same executions as in Table 2. The model
tokenizer measures tokens; latency is the time recorded for the final
stage. The separate series indicate the 3-LLM and 6-LLM ensembles.

Table 3 lists p-values for pairwise stage comparisons (LLM
vs. Ensemble, LLM vs. Final, and Ensemble vs. Final) under the
full (all objects) and next (next object) settings for 3-LLM and
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6-LLM configurations. Entries with a p-value less than 0.05 are
marked with a checkmark. We used two-sided paired t-tests on
per-prompt accuracy to compare stages, leveraging the fact that the
same prompts were evaluated at each stage to control for between-
prompt variability. This test assumes independence across prompts
and approximate normality of the paired differences, with large N
(1,800). The table reports p-values only.

Note that prompts could be partial; the LLM often inserted
necessary prerequisites (e.g., screws or cables) before the requested
target to satisfy precedence while still matching the operator’s intent
under our scoring rules.

5.3 Real-world pilot results

Seven volunteers (n 7) completed one session each. The
study protocol, including all operator-in-the-loop experiments, was
approved by the University of Birmingham Ethics Committee under
project ERN_3337. Each participant issued two intents (one per
arm), totaling 14 intended actions. All disassembly actions were
successfully planned as intended by the participants through the
framework. Success was achieved for every participant in both
cases in 14/14 actions.

Table 4 reports the mean and median completion times for the
participants using the pipeline to control the robots. A 300-s manual

baseline serves as a contextual reference from an expert operator,
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Final-stage runtime distribution (9,000 runs). Density-normalized
histograms with KDE for 3-LLM and 6-LLM pipelines; applied to both
full and next-object evaluations. Effective bandwidths are =2.45 s (3
LLM) and =3.36 s (6 LLM).

performing the task without LLM-assisted planning, against which
these data are compared.
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Accuracy across pipeline configurations for full and next-object evaluations.
Table 5 summarizes the global NASA-TLX workload

(0-100), which was used to report the overall perceived
workload for the session.

Table 6 reports the mean + SD and median for each NASA-
TLX subscale (0-100): mental demand, physical demand, temporal
demand, performance, effort, and frustration.

6 Discussion

This work tested intent-driven ensemble LLM planners,
performing a case study on EV-battery component disassembly
using two URI10e arms. However, the architecture is modular
and, in principle, can be transferred to other cases by swapping
the perception model and motion backend, provided the input
structure is maintained.

6.1 Model selection

As the model selection and preliminary experiments show,
the most important characteristic when choosing among low-
parameter-count models was their ability to adhere to instructions.
The most common errors found in models that did not adhere
to the instructions were making formatting errors or being overly
verbose in explaining their conclusions before providing the list of
components, even though the instructions explicitly requested only
the list as output. Qwen3-32B (reasoning off) provided the best
responses, although its speed remained above 20 s on average.

6.2 Pipeline correctness

Across the 9,000 runs (Table 2), full object correctness increased
from 0.761 (single model) to 0.816 (6-model + verifier) and to
0.824 with the final algorithmic filter. That is a +6.3 percentage-
point absolute gain over the single model or =+8.3% relative gain.
Accuracy increases with ensemble size (Figure 9). The deterministic
filter adds small but consistent increments (0.9 pp for 3-LLM and
0.8 pp for 6-LLM) while removing hallucinated objects at nearly
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Processing time by stage. Left: average time; right: median time. The x-axis lists stages (LLM, Ensemble, and Final). Within each stage, bars compare
configurations: single-model for the 1-LLM configuration and 3-model vs. 6-model for Ensemble and Final. The y-axis is represented in seconds.
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FIGURE 13

Payload size vs. latency until the end of the Final ensemble stage. Left: input token count; right: output token count. Each point is a single request from
the same executions as Table 2. Tokens are counted by the model tokenizer; latency is the time of the Final stage. Separate series are shown for the
3-model and 6-model ensembles.

TABLE 3 Stage comparisons using paired t-tests on matched 0/1 correctness (two-sided). A checkmark indicates p < 0.05.

Comparison Setting \ 3LLMp Sig.@0.05 \ 6LLM p Sig.@0.05
Full 2.19x 1077 v 1.57x107° v
LLM vs. ensemble
Next 2.90x 107 v 113x107° v
Full 6.61x 10710 v 1.19x 107" v
LLM vs. final
Next 1.45x 107 v 7.70x 107 v
Full 3.61x107° v 1.74x 107 v
Ensemble vs. final
Next 7.78x 107 v 2.68x107° v
zero time cost. Paired t-tests on matched per-prompt accuracy For next-object correctness, the single model yields a high

(two-sided) confirm significant improvements from single-model ~ accuracy (0.866). The 3-LLM configuration achieves 0.863
to ensemble and to the final all-integrated framework (Full: 3- (Ensemble) and 0.871 (Final), while the 6-LLM configuration
LLM p=2.19x 1077, 6-LLM p = 1.57 x 10™%; LLM — Final: 3-LLM reaches 0.888 (Ensemble) and 0.894 (Final), indicating an increasing
p=6.61x107"% 6-LLM p = 1.19x 10"'!). Ensemble — Final yields  trend with a slight dip at 3-LLM before increasing at 6-LLM. Paired
small but significant gains (Full: 3-LLM p =3.61x 107, 6-LLM p= t-tests show significant gains over the single model (3-LLM: LLM —
1.74 x 107%; see Table 3). Ensemble p = 2.90 x 1072, LLM — Final p = 1.45x 107, 6-LLM: p =
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TABLE 4 Completion time (pipeline condition). Values are presented as the
mean + SD and median in seconds.

Metric

Mean + SD (s)

197.86 + 19.61

Median (s)

195.00

Time to action

TABLE 5 Global NASA-TLX workload (0—100). Values are presented as the
mean + SD and median.

Mean + SD

Metric Median

NASA-TLX (global) 14.95 £ 11.80

TABLE 6 NASA-TLX subscales (0—-100): mean + SD and median across
participants.

Subscale Mean + SD Median
Mental demand 10.00 + 5.77 10.00
Physical demand 7.86 +5.67 5.00
Temporal demand 7.86 + 5.67 5.00
Performance 27.86 +34.03 10.00
Effort 10.00 £ 5.00 10.00
Frustration 10.00 + 6.46 5.00

1.13x 107 and 7.70 x 107>). Ensemble — Final adds further small
but significant improvements (3-LLM p =7.78 x 1074 6-LLM p=
2.68 x 1073; see Table 3).

Latency increases with ensemble size: mean end-to-end time
is 5.57 s (single model), 21.93-22.15s (3-model, + filter), and
32.50-32.74 s (6-model, * filter) (Table 2). Median times show
the same pattern (4.26 s — 19.25-19.30 s — 28.94-29.01 s). The
final filter adds approximately 0.2 s on average, which is negligible
compared to ensemble sampling and verification. Distributions are
right-tailed (Figure 10) and widen with ensemble size, with the final-
stage histograms (Figure 11) showing the bandwidth increasing
from =2.45 s (3-model) to =3.36 s (6-model). The whole pipeline’s
mean latency scales to approximately 5.9 times the single-model
baseline (+488% relative), yielding a respectable and expected
compute-accuracy trade-off. For a planning pipeline, although these
numbers are slower than those of the pre-planned methods or
distance-based planning, they are suitable for tasks that require some
adaptability and more intelligent, dynamic planning capabilities
under different conditions. Token-latency in Figure 13 suggests a
weak positive correlation between payload and final-stage time, with
most of the latency changes in the spread dominated by ensemble
size rather than token counts.

The measured accuracy lift provided by the deterministic filter
is small but consistent across both metrics. It comes with a mean
time overhead of approximately 0.20 s (Figure 12), acting as a very
effective low-cost last line of defense against hallucinations. For
our framework, the scene included five component classes (leafcell,
busbar, cable, service plug, and screw; Figure 4) detected using
YOLOVS. Although the LLM was never given explicit labels, it
was able to adapt properly to the components of the disassembly
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task using the provided instructions, supporting the claim that
the planning layer is largely label-set agnostic when the scene text
schema is preserved (with no model working in preliminary tests
with unstructured data).

The bar plot of prompt tokens (Figure 8) shows that
operator intents are dominated by “want” and “remove; due
to the disassembly nature of the trials, with object mentions
led by “leafcell” and “busbar” Generic selectors, such as
“all/objects/everything,” appear frequently, explaining plans that
contained a high number of objects and why precedence checks
matter in disassembly tasks.

6.3 Human pilot experiment

The results of the pilot suggest that a language-level variable
autonomy mechanism with verification maintains low operator
workload while preserving user control.

First, all 14 intents were executed only after participants
reviewed and approved the candidate lists. The final execution
remained operator-controlled. Second, the perceived workload was
low (Nikulin et al., 2019; Grier, 2015) (NASA-TLX mean 14.95
and median 9.67) after a brief single training session (Tables 4-6).
The UI only displayed the detected objects by YOLO in the form
of a 2D image and a 3D object display. Participants did not tune
any low-level motion or grasp parameters; they only issued intents
and approved an ordered list. This likely reduced the cognitive
load. Third, time-to-action averaged 197.86 s (median 195 s), lower
than a contextual manual reference of =300 s, indicating that plan
synthesis plus checking added little overhead relative to manual
planning.

The verifier LLM and the final algorithmic filter removed format
and consistency errors before execution, limiting cognitive effort
to intent expression and a single “Go” confirmation. The sample
is small and lacks an interface control, but the pattern aligns with
variable autonomy: the autonomy proposes and checks plans, and
the operator authorizes execution.

7 Conclusion

This work presented an intent-driven planning pipeline
for multi-robot collaboration and disassembly that integrates
perception-to-text scene encoding, an LLM ensemble sampled
from a single checkpoint, a format/priority LLM verifier, and a
final deterministic consistency filter wired end-to-end.

An ensemble-with-verification architecture improves multi-
robot disassembly planning over a single LLM. On 200 real
scenes and 600 intents, full-sequence accuracy increases from
0.761 to 0.824 with a 6-LLM ensemble plus an LLM verifier and
a final deterministic filter; next-object accuracy increases from
0.866 to 0.894. Under paired t-tests, gains are significant, and the
deterministic filter provides additional small, significant, safety-
oriented improvements at negligible time cost. Latency scales with
ensemble size (=5.9x the single-model baseline), reflecting the
standard accuracy-compute trade-off.

In real-world use, non-experts could issue intents that were
executed as intended after list review, with a low perceived workload
(= 15) and shorter time-to-action than with a contextual manual
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reference (300s). Time-to-action was faster than the manual
baseline by roughly one-third on average (=34% faster), with the
median approximately 35% faster and run-to-run variability +10%
relative to the mean.

The LLM ensemble, equipped with explicit verification
and data consistency checks, results in a viable approach to
injecting reliability and adaptability into intent-driven planning
for collaborative disassembly.

7.1 Limitations and future work

Our ensemble improves plan correctness but shows the expected
accuracy-latency trade-off: accuracy gains taper, while the mean
latency increases from 5.57 s (single model) to 32.74 s (6-LLM)
on the same prompts. Future work will incorporate dynamic
computation, including early-exit voting when candidates agree
and input-complexity gating between 1/3/6 models. We also aim
to cache and reuse verified partial plans for recurring intents
(when possible). We also do not benchmark end-to-end VLM/VLA
action policies on our disassembly cell; doing so would require
domain adaptation and safety validation beyond the scope of
this study.

Verification is text-only today (format/precedence rules plus
a data consistency filter). This prevents many errors but cannot
enforce geometric feasibility. We will add geometry-aware checks
(reachability, collisions, and graspability) to reject impossible steps
and to provide minimal counterexamples that guide operator edits.
The pipeline currently assumes reliable detections but is highly
dependent on the point cloud and the YOLOv8 model weights. To
improve the detection rates, we will incorporate multi-view fusion
and uncertainty-aware perception to enhance its accuracy. A pre-
grasp re-verification stage with live sensing and per-action risk
scores (e.g., hazard proximity or collision) can enable safe local
reordering within the stated intent.

Diversity in our results stems from one checkpoint with different
seeds. Mixing model families and prompt variants may outperform
the same-checkpoint ensembles at a similar computational cost,
which is also worth investigating as part of future work. Although the
verifier prompt is domain-agnostic, we evaluated one domain with
five component classes. We will evaluate other assembly/disassembly
settings (e-waste, other types of end-of-life product dismantling,
and nuclear decommissioning). Another area for deeper study
in future work is expanding the human user study to include
larger numbers of participants and exploring whether and how
human-perceived workload varies across different types of tasks and
environments.
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