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Abstract: Increasing product variability and shrinking batch sizes in manufacturing demand robotic
systems that can be reconfigured rapidly with minimal engineering effort. While mobile manipulators
provide flexibility at the hardware level, task-level specification and coordination remain a major
bottleneck in assembly-oriented scenarios. This paper presents a modular multimodal Al agent that acts
as a supervisory orchestration layer for mobile robotic tasks in flexible assembly automation. Following
a hybrid-intelligence architecture, the agent interprets natural-language or speech instructions, grounds
them in contextual and perceptual information, and coordinates navigation, perception, and
manipulation via constrained Robot Operating System (ROS) 2 tool interfaces, while execution remains
within established autonomy components. The framework is evaluated via quantitative analysis of end-
to-end request-to-execution behavior across stepwise interaction, one-shot execution, and task
reconfiguration scenarios, in simulation and selected physical validation. Results show that
orchestration-related processing remains bounded relative to navigation and manipulation runtime, with
execution variability dominated by perception and grounding reliability rather than agent reasoning
overhead. Robust multimodal grounding substantially reduces long-tailed execution behavior in
autonomous task pipelines, providing empirical insight into the runtime characteristics and limitations
of agent-based task orchestration for production-relevant mobile manipulation.
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1 Introduction

The manufacturing industry is undergoing a structural transformation driven by increasing product
variability, shrinking batch sizes, and the need for rapid reconfiguration, further intensified by skilled
labor shortages and volatile supply chains [1, 2], which forces robotic systems to operate under frequent
product changes and evolving task requirements, often in close interaction with human operators [2, 3].
Mobile manipulators are a promising response because they decouple task execution from fixed layouts
and enable flexible allocation of robotic resources within production environments [4, 5], making them
well suited for high-mix (dis)assembly (e.g., electric vehicle battery handling or cable harness
manipulation) where task sequences, grasp strategies, and motion plans must be adapted regularly [6,
7]. Despite advances in perception, navigation, and manipulation, deployment in such settings remains
difficult due to the effort required to reprogram and adapt task logic as conditions change [8];
accordingly, recent work indicates that the main bottleneck has shifted from low-level capabilities to
scalable task-level specification, adaptation, and orchestration, where even minor changes in
(dis)assembly procedures can lead to substantial engineering effort [8, 9].
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Widely adopted robotic control architectures, including finite state machines and behavior trees, have
proven effective for structuring deterministic task execution, but exhibit inherent limitations when
applied to flexible assembly scenarios [10]. As task complexity and variability increase, these
approaches scale poorly, requiring explicit modeling of product variants, exception cases, and
contingencies by domain experts [11, 10]. Moreover, they lack mechanisms to interpret semantically
underspecified instructions or reason about alternative task decompositions in response to changing
conditions [12, 10]. While effective for deterministic execution, classical control architectures impose
rigidity that conflicts with the adaptability required in modern assembly systems [3]. To address these
challenges, recent research increasingly advocates for cognitively enhanced robotic systems that
combine autonomous execution with higher-level reasoning and minimal human intervention [13, 14].
Within this paradigm, hybrid intelligence emphasizes a division of roles: humans provide intent,
semantic context, and supervision; Al components perform reasoning and task abstraction; and robotic
software ensures safe and reliable execution [15, 16]. Advances in Large Language Models (LLMs) and
Vision—Language Models (VLMs) have demonstrated strong capabilities in interpreting natural-
language (NL) instructions, grounding them in visual context, and reasoning about task semantics [17,
18]. However, these models are not yet systematically integrated with established robotic frameworks
to be applicable in industrial settings [17].

Although embodied Al agents combining language, vision, and action have received increasing attention
[19, 20], most existing approaches focus on tabletop manipulation or highly constrained environments
and rely on tightly coupled or ad-hoc architectures [2, 21]. Comparatively little work addresses task-
level orchestration for mobile manipulation in assembly-oriented scenarios using modular middleware
such as Robot Operating System (ROS) 2. In particular, the runtime behavior of multimodal Al agents
acting as supervisory orchestration layers, bridging human intent and robotic execution, remains
insufficiently characterized, with evaluations largely limited to qualitative demonstrations or task
success metrics. To address this gap, this work presents a modular multimodal Al agent that acts as a
supervisory orchestration layer for flexible robotic assembly tasks. The framework integrates LLMs and
VLMs with a ROS 2-based mobile manipulation stack to enable NL and voice-based task specification,
semantic grounding through perception, and tool-based coordination of navigation and manipulation.
The approach is evaluated through a quantitative analysis of end-to-end request-to-execution behavior
in both simulation and physical environments.

The remainder of this paper is organized as follows. Section 2 reviews related work on embodied Al
agents and task orchestration. Section 3 presents the proposed multimodal Al agent framework and its
integration with a ROS 2-based mobile manipulation stack. Section 4 describes the experimental setup
and evaluation methodology. Section 5 reports and discusses the experimental results. Section 6
concludes with key findings, limitations, and directions for future work.

2 Related Work

Recent surveys on the integration of LLMs, VLLMs, and multimodal foundation models into robotic
systems identify a spectrum of architectural paradigms, ranging from protocol-level interfaces and
language-driven command translation to tightly coupled vision—language—action models and agent-
based orchestration frameworks [17, 20]. Of particular relevance to this work are orchestration-oriented
approaches, in which an Al agent supervises and coordinates existing robotic capabilities rather than
replacing them with end-to-end learned control policies, a paradigm that is especially attractive for
industrial and assembly-oriented scenarios where modularity, transparency, safety, and compatibility
with established robotic software stacks such as ROS 2 remain essential design requirements [9]. Within
this landscape, a first class of approaches employs LLMs or VLMs primarily as semantic interfaces,
translating NL instructions into symbolic task descriptions, goal specifications, or high-level action
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sequences [18, 19]. While these methods demonstrate effective language understanding and multimodal
grounding, they typically do not assume responsibility for task-level orchestration across perception,
navigation, and manipulation, leaving execution delegated to preconfigured pipelines and limiting the
agent’s role to command interpretation rather than supervision of coordinated robotic behavior in
dynamic environments.

Several ROS-based frameworks integrate LLM-driven agents to enable NL interaction with robots.
ROS-LLM [22] maps user instructions to executable behaviors represented as state machines or
behavior trees, ROSA (ROS Agent) [23] constrains LLM outputs to predefined ROS actions and services
to ensure robustness and safety, and the Flexible Agent Framework for Embodied Al (RAI) [24]
proposes a modular ROS 2 architecture interfacing with navigation and manipulation components.
Across these frameworks, however, task execution remains bound to static or expert-defined schemas,
and core mobile manipulation capabilities, such as coordinated navigation (Nav2), motion planning and
task sequencing (Movelt 2 and Movelt Task Constructor, MTC), Simultaneous Localization and Mapping
(SLAM)-based localization, and 2D/3D perception-driven grasp pose estimation, are not orchestrated
within a unified task-level pipeline, limiting their role to command interpretation rather than holistic
supervision in assembly-oriented scenarios.

Beyond ROS-centric solutions, orchestration-oriented agentic systems have been explored primarily in
non-industrial contexts. AutoRT [25] applies LLM-based supervision to large robot fleets for
autonomous data collection, while the LABOR Agent [26] investigates coordination of manipulation
skill libraries for bimanual tasks, but these approaches are evaluated in constrained or non-mobile
settings and are not designed around ROS 2-native modular autonomy stacks. In parallel, tightly coupled
vision—language—action models such as RT-2 [27] unify perception, reasoning, and execution within a
single learned model; although powerful, such end-to-end approaches complicate integration with
modular robotic architectures, reduce transparency and debuggability, and pose challenges for safety
assurance and certification in industrial environments [28]. Nevertheless, such models can be integrated
as specialized perception or grounding components, provided that task-level coordination and execution
remain governed by deterministic, ROS 2-native software.

Table 1: Comparison of related frameworks with the proposed approach. Legend: @ supported, © partially supported/limited,
X not addressed. ROS 2-Components refers to the integration of motion planning (Movelt 2, MTC), navigation (Nav2), SLAM,
perception, and pose estimation for grasping.

Runtime Assembly

Framework Agent . Mobile. ROS 2 ROS 2 Behavior  Automation Hybrid
Orchestration =~ Manipulation  Native ~Components Evaluated _(Production) Intelligence
ROS-LLM [22] ()] X ([ © [ © (]
ROSA [23] © X [ ] © © X ©
RAI [24] (] X [ ] © © X ©
AutoRT [25] X © X X o X ©
LABOR Agent [26] () X X X ] X ©
Proposed approach o o o [ J o [ J [ J

Across the reviewed literature, two recurring limitations emerge. First, most existing frameworks focus
on tabletop manipulation or highly constrained environments, with limited consideration for mobile
manipulation scenarios that require simultaneous coordinated navigation, perception, and manipulation.
Second, evaluations predominantly emphasize task success or qualitative demonstrations, while the
runtime behavior of Al-agent-based orchestration pipelines, including interaction overhead, request-to-
execution latency, and responsiveness to high-level human input, remains insufficiently characterized.
In contrast, the proposed approach explicitly integrates motion planning and task sequencing (Movelt 2,
MTC), autonomous navigation (Nav2), SLAM-based localization, perception, and grasp pose estimation
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into a unified orchestration pipeline. Rather than benchmarking isolated capabilities, this work
investigates the runtime behavior of a multimodal Al agent acting as a supervisory layer, providing
empirical insight into how high-level human intent is translated into coordinated robotic actions in
production-relevant scenarios. A comparative overview of representative frameworks and the proposed
approach is summarized in Table 1.

3 Multimodal Al Agent for Hybrid-Intelligent Task Orchestration

The proposed framework introduces a multimodal Al agent that acts as a supervisory orchestration layer
for mobile manipulation in flexible assembly scenarios. The architecture follows a hybrid-intelligence
split: the operator provides intent and supervision; the agent interprets instructions and coordinates task
execution; and established ROS 2 autonomy components perform navigation and manipulation. This
design targets frequent task changes and semantically underspecified requests while preserving
execution within the underlying robotics stack.

3.1 Framework Overview

High-level user inputs are provided as text or speech and interpreted by the agent in conjunction with
contextual state (e.g., robot pose, semantic waypoints) and perception outputs. The agent operates
exclusively at the task level by selecting and parameterizing tools from ROS 2 subcomponents, while
motion generation, collision checking, and control remain within the underlying autonomy stack. Tool
execution feedback is returned to the agent to support iterative orchestration. Figure 1 summarizes the
architecture.

&' Human Input (intent, semantic context & supervision)

'|||||'|' Natural Language Interface | Voice (Whisper) or Text

@ Al-agent (orchestrator) Agent: Redct LLM: GPT-40 VLM: Gemini Robotics ER 1.5

Execution: ROS2-based software subcomponents

LJ \ O °¢°\. 'O‘
T S X Q0
“:/" \ L GHL((T’) 4 13
Localization Path Motion Grasping s cualizati Other LiDAR Camera Base
. . Visualization ’
(SLAM) Planning  Planning (Contact - (Rviz) Tools Driver Driver Controller  Controller

(Nav2) (Movelt2)  GraspNet)

Figure 1: Layered architecture of the multimodal Al-agent orchestration layer integrated with ROS 2 modules for mobile
manipulation. High-level inputs (text/speech) are interpreted by the agent powered by the LLM & VLM models. The agent
then invokes modular ROS 2 tools (SLAM, Nav2, Contact-GraspNet, Movelt 2/MTC). Execution feedback closes the loop for
iterative orchestration.

3.2 Multimodal Agent and Tool-Based Orchestration

The orchestration logic follows an iterative reason—act—observe (ReAct-style) pattern, in which high-
level instructions are decomposed into short-horizon tool invocations and revised based on runtime
feedback. The agent combines NL or speech input with structured robot state and optional visual context
to support task interpretation and grounding. In the presented implementation, semantic interpretation
and task decomposition are handled by an LLM instantiated using GPT-40 API [29], which parses NL
or transcribed speech instructions to extract task intent, entities, and ordering constraints. For perception-
driven grounding, the framework also employed Grounded SAM (GSAM) [30] for segmentation of the
target object, later fully replaced by vision—language capabilities provided by Gemini Robotics ER 1.5
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API [31], which supports perception-driven grounding, for example by assisting object identification
and semantic referencing during grasp pose estimation. Outputs from both models are constrained
through predefined tool schemas and prompt design, ensuring that only valid robot capabilities can be
invoked and that ambiguous instructions are handled conservatively.

Each robotic capability is exposed to the agent through a narrow tool interface aligned with ROS 2
actions, services, and topics, including waypoint management, mapping and localization (SLAM),
autonomous navigation (Nav2), perception and object pose estimation (e.g., Contact-GraspNet), motion
planning and task execution (Movelt 2 and MTC), and bounded teleoperation primitives for base and
arm control. This abstraction decouples the orchestration logic from the internal implementation of
individual modules, allowing components such as SLAM backends, perception models, or grasp
generators to be replaced or upgraded without modifying the agent’s reasoning or task sequencing logic.
Each tool invocation returns structured execution feedback, enabling the agent to detect failures and
potentially react through retries, or operator interaction. To support reusable task references, the
framework includes a lightweight semantic memory mechanism in which operators label base and arm
waypoints during setup (e.g., “pick-up station”, “assembly station”, “scan pose”, “pre-grasp”).
Waypoints can be created via teleoperation or incremental motion primitives and are stored as callable
parameters for subsequent autonomous execution. Semantic memory enables hybrid task execution:
operators provide sparse semantic structure once, and the agent resolves later references (e.g., “go to the
assembly station”) into explicit goals for navigation or manipulation tools. This reduces reconfiguration
effort when stations, targets, or task order change, while keeping execution within deterministic
autonomy modules.

Human Al-agent ROS2-based software subcomponents

: ] Fe ?
& i @ e "
Robot

) ” Movelt2 : . Other LiDAR Camera Base Arm
Input Voice Agent | ALLLM & VLM (SN EERZ To Grasping Rviz

Tools Driver Driver Controller Controller

Text zero prompt
Text
“Pick up the o
s e £ Lotz 1tse_lf (base) 4 Actuate Robot Base & LiDAR Execution —»f
Letite A le——— Feedback I Send localization to path planner & Agent |
- Plan path to table A Actuate Base & LIDAR ———%———F}———¢- Execution ——»|
. AE— Feecliback Gt camera toed Send localization to path planner & Agent
Time | & detect object
Plan trajectories I ) .
ot | Planned trajectories Execution
Done # Failed or success

Ex.: “Now, place the object on Table B”

Figure 2: Exemplary workflow for hybrid-intelligent orchestration in an assembly-oriented pick-and-place task. The operator
defines semantic stations and poses, while the agent decomposes a high-level instruction into navigation (Nav2), perception,
and manipulation (Movelt 2/MTC) tool calls with feedback-driven sequencing.

3.3 Exemplary Orchestration Workflow

Figure 2 illustrates an assembly-oriented pick-and-place workflow executed from a single high-level
instruction, e.g., “Go to the pick-up station, pick the gear, and place it on the assembly station.” The
agent parses the request to identify referenced locations and objects and resolves them via semantic
memory (labeled positions). If required semantic labels are missing, the agent requests operator input;
otherwise, it autonomously sequences navigation, perception, and manipulation. The agent issues
navigation goals to reach the pick-up and assembly stations, triggers perception to estimate grasp poses
for the target object and invokes motion planning and execution for pick and place using Movelt 2 /

93



Pinheiro de Souza et al. / HIPPE 2026

MTC. Execution feedback from each tool is monitored to support retries, or operator intervention when
necessary. In Figure 3 the Hybrid-intelligent orchestration workflow is shown in the simulation.

NL Human-Agent interface Localization & Navigation VLM: grounding and grasp pose Placement of object

root@Robo gr-1:/overlay ws/src/kairos_agen
ransfer/infg hon3 /overlay ws/src/kairos_a
s/chat.py
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[INFO] (176303052488 5
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Figure 3: Hybrid-intelligent orchestration workflow in simulation. Left: NL human—agent interface for defining semantic goals,
pose labeling, and teleoperation, shown with real-time SLAM and Nav2-based navigation in simulation environment as the
robot moves to 7able A to pick the target object (T-connector). Middle: VLM-based perception-driven grounding and grasp
pose generation from the arm camera. Right: Autonomous placement of the object on Table B as requested by human input.

4  Experimental Setup

The evaluation focuses on end-to-end request-to-execution behavior and orchestration overhead under
assembly-oriented conditions. Experiments were conducted in NVIDIA Isaac Sim to ensure
repeatability, with one selected validation scenario being performed in a physical setup, as shown in
Figure 4 (left). For the simulation environment, Figure 4 (middle), a simulated mobile manipulator,
Figure 4 (right), based on the RB-Kairos platform, equipped with a 6-DoF industrial arm, an RGB-D
camera, and LiDAR sensors for navigation. The simulated setup exposes the same ROS 2 interfaces as
the physical platform, allowing the orchestration pipeline to operate with minimal changes. The software
stack includes SLAM, Nav2, Contact-GraspNet, Movelt 2 and MTC. The multimodal Al agent
framework runs as a supervisory layer, coordinating these components through structured tool

invocations.

/?, ‘ /%_ .x

-n\! — a2

%
3 I l
ﬂ h Table B

Figure 4: Left: physical setup at WZL RWTH. Middle: simulated environment in NVIDIA Isaac Sim. Right: simulated mobile
manipulator RB-Kairos, equipped with a 6-DoF industrial arm, simulated RGB-D camera, and simulated LiDAR sensors for
navigation and manipulation.

Orchestration-layer behavior is evaluated using (i) processing time (request-to-plan), measured as the
time from user request to the agent producing an executable tool sequence, (ii) execution time (request-
to-execution), measured as the time from request to completion of robot actions, and (iii) orchestration
share, computed as Proc/(Proc + Exec) X 100. In addition, execution variability is reported
qualitatively (Low/Med/High) based on observed spread and long-tailed runtimes, and notable
agent/runtime events (e.g., retries, restarts, drift) are logged as annotations. For the physical validation
(Scenario 4), timing is additionally reported per subsystem (navigation and arm motion) to reflect real-
world execution effects.
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Scenario 1 (S1) Stepwise Interaction with Explicit Subtasks, where the user issues individual high-level
commands for discrete subtasks (e.g., navigation, object detection, pick), but still in a logical sequence.
Commands are provided via text and voice, and the agent executes each step separately. This scenario
serves as a baseline for evaluating interaction overhead and agent responsiveness, isolating latency from
instruction interpretation, tool invocation, and feedback handling under controlled conditions.

Scenario 2 (S2) One-Shot Task Execution (Pipeline Orchestration), where the user provides a single
high-level instruction (one-shot task execution) specifying a complete assembly task (navigate—pick—
place). The agent autonomously decomposes and sequences navigation, perception, and manipulation
actions without further user input. This scenario assesses task-level decomposition and orchestration
behavior, capturing the cumulative overhead of semantic interpretation, tool selection, and feedback-
driven sequencing.

Scenario 3 (S3) Environmental Change and Task Reconfiguration, where changes are introduced to the
environment or task structure (e.g., modified object locations or station assignments), as shown in Figure
5. The user issues high-level instruction similar to Scenario 2, while the agent adapts execution based
on updated context and stored semantic labels. This scenario evaluates the agent’s ability to reuse
semantic memory, request clarification when needed, and re-sequence actions without manual task-
graph reprogramming.

\ = [
R 7 ~ b

i
—

S I |
= fm

Figure 5: Evaluation of Scenario 3. An additional placement station is introduced into the environment (e.g., Tauble C), requiring
the agent to resolve updated semantic labels and adapt task sequencing.

T
’

Scenario 4 (S4) Physical Validation and Transferability, where transferability of the stepwise interaction
(Scenario 1) is assessed through deployment on a physical setup, as shown in Figure 6. The physical
platform mirrors the simulated configuration in terms of software architecture and ROS 2 interfaces.
This scenario evaluates integration of Nav2-based navigation and arm control for executing tasks at
labeled semantic positions. While quantitative analysis focuses on simulation, physical execution
confirms consistent orchestration behavior under real sensing and actuation conditions, with only minor
platform-specific adaptations required.

Figure 6: Physical validation of Scenario (4). Left: Mobile manipulator in the physical evaluation setup. Middle left: Onboard
execution of the multimodal Al agent with NL interface. Middle right: Real-time RViz visualization of the ROS 2 stack during
navigation and manipulation. Right: Robot reaching the labeled placement station (Table B) with the NL interface visible.
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5 Results and Discussion

This section presents the experimental results for each of the previously defined scenarios. Table 2
summarizes the end-to-end behavior of the proposed orchestration layer across all four scenarios and
interaction/grounding configurations. Overall, orchestration processing remains bounded relative to
navigation and manipulation runtime, and variability is primarily driven by perception/grounding
reliability and physical execution effects rather than agent reasoning.

Table 2: Aggregated orchestration performance across scenarios. Plan [s]: request-to-plan latency (user request — executable
tool sequence, including parsing and tool selection). Exec [s]: request-to-execution latency (user request — completion of robot
actions). Orch [%]: orchestration share of total runtime, computed as Plan/(Plant+Exec). Var: qualitative execution-time
variability (L = Low, M = Medium, H = High) based on observed spread and long-tailed runtimes. 1 indicates increased
planning effort relative to S2 due to semantic context resolution (Table C).

Scenario Interact. Ground. n  Plan[s] Exec [s] Orch [%] Var  Note
S1 Text - 12 27.6+52 139.5+24.2 16.5 L Baseline
(stepwise)  Voice - 12 392+13.6 379.5+135.6 9.4 M Speech overhead
S Text GSAM 13 - 308.9+£214.6 ~10 H Grasp retries

hot Text Gemini 15 - 155.3+22.8 ~12 L Stable grounding
(one-shot)  vrice Gemini 22 - 159.8 +24.7 =117 L No added instability
S3 Text Gemini 10 1 vsS2 1/~stablevs S2 ~12-14 L Context (Table C)
(reconfig.)

M-  Nawv:
.. 051, 21 +£29. - . .

(S4h sical) (T;Zt wise) Gemini USSRl IRIZIL S oRk H Retries/drift/restart
il P 8 1.84+0.79 401181 - L Arm: Retries/restart

Across 24 stepwise runs (S1), request-to-plan behavior is stable for both text and voice input. Voice
interaction increases processing time due to speech transcription and clarification handling, but
orchestration remains a minority of total task duration; overall runtime is dominated by navigation and
manipulation, with execution variance mainly reflecting differences in the number and type of issued
subtasks rather than orchestration instability.

For one-shot execution (S2, n=50), the agent incurs planning/reasoning overhead only once per task,
and performance is dominated by grounding reliability. Chat + GSAM shows high variance and long-
tailed runtimes due to repeated grasp attempts, whereas Gemini-based grounding yields substantially
more stable execution with similar behavior for text and voice interaction, indicating that robust
multimodal grounding, not interaction modality, drives predictability in autonomous pipeline
orchestration.

Under environmental change and task reconfiguration (S3, n=10), introducing a new semantic station
(Table C) increases planning-time overhead due to context resolution, while execution remains
dominated by navigation and manipulation. No increase in execution variance or grasp retries is
observed, suggesting that moderate environment/task changes can be accommodated through semantic
memory without manual task-graph modification.

Physical validation (S4, n=10) confirms transferability of the stepwise workflow when ROS 2 interfaces
are preserved. Processing latency remains low (navigation: 3.05 + 1.16 s; arm: 1.84 = 0.79 s), while
runtime variability is dominated by real-world execution effects (navigation: 73.21 = 29.18 s; arm: 4.01
+ 1.81 s) and occasional operational interventions (e.g., repeated commands, script restart, minor pose
drift), indicating that sim-to-real deviations arise primarily outside the orchestration layer.

6 Conclusion, Limitations, and Outlook

This paper presented a modular multimodal Al agent that acts as a supervisory orchestration layer for
mobile robotic tasks in flexible assembly automation. The agent interprets natural-language or speech
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instructions and coordinates navigation, perception, and manipulation through constrained ROS 2 tool
interfaces, while low-level execution remains within the autonomy stack. Across simulation and
physical trials, processing time remained bounded relative to overall task duration, and end-to-end
behavior was dominated by navigation and manipulation runtime rather than agent reasoning.

The evaluation highlights three main findings. First, under stepwise interaction (S1), processing time is
stable for text and voice input; voice increases processing latency but does not change the dominant role
of execution time. Second, in one-shot execution (S2), runtime predictability is driven primarily by
grounding reliability: GSAM leads to long-tailed execution due to grasp retries, whereas Gemini-based
grounding yields substantially more stable execution for both text and voice commands. Third,
introducing a new semantic station (S3) increases planning-time effort due to context resolution, but
does not increase execution variability, indicating that lightweight semantic memory supports moderate
task reconfiguration without manual task-graph modification. Physical validation (S4) confirms
transferability when ROS 2 interfaces are preserved, while remaining variability is largely attributable
to real-world sensing and execution effects.

Limitations include a mainly simulation-based evaluation, a restricted physical benchmark, and the
absence of controlled baselines against expert-engineered task graphs or classical planning approaches.
Agent behavior (e.g., retries, interventions) was logged qualitatively rather than systematically counted,
and request-to-plan was not reported for all one-shot configurations. Future work will extend physical
benchmarking to full end-to-end pick-and-place pipelines under controlled disturbance factors, and will
introduce explicit baselines to quantify reprogramming effort and runtime trade-offs against classical
task representations. Robustness can be improved by adding failure-aware recovery strategies, tighter
monitoring of tool-level outcomes, and more systematic logging of clarification and retry events.
Beyond short-horizon tasks, the framework should be scaled toward longer-horizon and contact-rich
(dis)assembly by integrating stronger safety layers, uncertainty-aware execution, and richer memory
mechanisms (e.g., episodic traces) to support adaptation across runs.
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