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Abstract
Recent work leverages the capabilities and commonsense pri-
ors of generative models for robot control. In this paper,
we present an agentic control system in which a reasoning-
capable language model plans and executes tasks by se-
lecting and invoking robot skills within an iterative planner
and executor loop. We deploy the system on two phys-
ical robot platforms in two settings: (i) tabletop grasping,
placement, and box insertion in indoor mobile manipulation
(Mobipick) and (ii) autonomous agricultural navigation and
sensing (Valdemar). Both settings involve uncertainty, partial
observability, sensor noise, and ambiguous natural-language
commands. The system exposes structured introspection of
its planning and decision process, reacts to exogenous events
via explicit event checks, and supports operator interventions
that modify or redirect ongoing execution. Across both plat-
forms, our proof-of-concept experiments reveal substantial
fragility, including non-deterministic suboptimal behaviour,
instruction-following errors, and high sensitivity to prompt
specification. At the same time, the architecture is flexible:
transfer to a different robot and task domain largely required
updating the system prompt (domain model, affordances, and
action catalogue) and re-binding the same tool interface to the
platform-specific skill API.

Code, prompts and video —
https://dfki-ni.github.io/AGENTS-MAKE-2026

1 Introduction
The long-standing AI intuition that a plan is the part of
a robot program whose future execution the robot reasons
about explicitly (McDermott 1992) remains a useful organ-
ising principle. Yet, bridging abstract plans—readily pro-
duced by modern planning systems (Ghallab, Nau, and
Traverso 2025)—to real-time physical robot control remains
difficult. The core challenge is not nominal execution moni-
toring, but robustly maintaining and updating the beliefs re-
quired for plan-following under partial observability, sensor
noise, stale or brittle state estimates, and exogenous dynam-
ics that are not captured by the abstract domain model. Con-
sequently, detecting, interpreting, and responding to unex-
pected events while remaining plan-consistent and safe is
still rather hard in practice.

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

In this paper, we revisit plan-based robot control through
an agentic use of large language models (LLMs), using a sin-
gle planner and executor loop that interleaves (i) plan con-
struction in natural language, (ii) tool-grounded execution,
and (iii) execution monitoring and recovery. The prompt
encodes domain knowledge, axioms, and operational con-
straints, and the agent queries a sensor-driven semantic state
snapshot to ground its decisions under uncertainty. The same
loop supports spoken interaction for explanation and for up-
dating task-relevant information during execution. In con-
trast to end-to-end approaches that map language and raw
perception directly to low-level control, we deliberately op-
erate over a higher-level action and perception interface, so
that decisions are expressed in terms of interpretable robot
skills and verifiable state predicates.

We evaluate our proposed approach on two physical
robot platforms, Mobipick and Valdemar (Fig. 1). To sup-
port partial reproducibility and community access, we also
provide a Gazebo-based simulator for the Mobipick sce-
nario, which enables execution of representative tasks de-
spite not reproducing real-world hardware effects; it is avail-
able at https://pypi.org/project/mobipick-labs-docker-gui.
Across both platforms, the agent executes tool-grounded
plans and closes the loop via verification against the robot’s
semantic state; when actions fail, it performs consistency
checks and replans from structured execution feedback
and refreshed state snapshots. We qualitatively validate the
workflow on an indoor mobile manipulator in a partially ob-
servable tabletop scenario, and report transfer to an outdoor
waypoint scanning task in simulation.

This paper makes the following contributions: (1) A real-
world agentic integration on physical robot platforms, in
which a planner and executor translates natural-language
goals into sequences of tool calls over an existing robot
stack, with iterative recovery under partial observability and
intermittent execution failures. (2) An architecture-level de-
sign that separates geometric and spatial grounding (per-
ception, mapping, localisation, motion and grasp planning)
from language-based deliberation: the LLM reasons over
structured state snapshots and parametrised atomic skills
rather than raw geometry. (3) A reproducible engineering
specification in the form of concrete prompt structure and
tool contracts (domain model, affordances, event checking,
and recovery patterns), together with a discussion of ob-
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Figure 1: Robotic platforms used in our experiments (see
Section 6): the Mobipick mobile manipulator (top), operat-
ing in the object collection scenario, and the Valdemar robot
(bottom), operating in an agricultural environment.

served behaviours and fragility, including failure modes aris-
ing during long-horizon real-world execution.

2 Related Work
Leveraging the common sense and natural language un-
derstanding of LLMs for unstructured and open-vocabulary
planning problems has been investigated since shortly after
the modern transformer-based architectures showed their ca-
pabilities. Jansen (2020) uses a fine-tuned GPT-2 model for
generating action sequences from a task directive and shows
improvements over the popular RNN-based architectures for
sequence generation.

Huang et al. (2022); Wei et al. (2022); Singh et al. (2023)
improve performance of off-the-shelf LLMs for reasoning in
complex tasks without fine-tuning by prompting the LLMs
to use a structured format. Yao et al. (2023) combines the
structured reasoning with tool calling (acting) and applies
this approach also to an embodied setting. A similar ap-
proach is proposed by Ahn et al. (2022), which uses a
separately trained value function for estimating action af-
fordances. These approaches ground actions in information
about the environment and, by this, reduce the hallucinations
of invalid actions.

The value function in Ahn et al. (2022) estimates affor-

dances from an image representing the current state of the
environment. Other approaches also use images to enrich the
context with information about the state of the environment
for the LLM (Zeng et al. 2023; Driess et al. 2023). Images
and text are encoded into the same token space in Driess
et al. (2023), which requires fine-tuning for the model to
be able to process both modalities simultaneously. On the
other hand, Zeng et al. (2023) use multiple pre-trained mod-
els mapping different modalities (text, images, sound) to
text for achieving multimodal reasoning without fine-tuning.
This approach can also be seen as an early form of the now
popular Agentic AI, which orchestrates different models and
other tools for accomplishing complex tasks.

To further improve LLM-based reasoning for complex
tasks, several works propose to combine planning, acting
and feedback on the effects of the action on the environment
into a closed loop (Huang et al. 2023; Wang et al. 2023; Birr
et al. 2024; Raman et al. 2024). Most similar to our proposed
approach is the work described in Huang et al. (2023), which
adds scene descriptions and action success feedback to the
context of the LLM. The scene descriptions are either gen-
erated from visual models (e.g., object detection or Visual
Question Answering) or by requesting input from a person.

While Vision-Language-Action (VLA) models (Brohan
et al. 2023; Kim et al. 2024) learn end-to-end policies map-
ping raw perception to control, our agentic approach decou-
ples high-level reasoning from low-level perception and ex-
ecution. This allows us to utilize verifiable symbolic state
predicates and modular skill APIs, offering greater trans-
parency than latent-space representations.

3 Agentic Control Architecture
Fig. 2 shows the agent interaction graph used in this paper to
perform generative language-based planning and acting for
robots. We acknowledge that the present workflow is mini-
mal; a systematic study of more complex designs, including
additional agents and alternative communication patterns, is
beyond the scope of this paper and left for future work.

The workflow is triggered by a text utterance produced
by a speech recognition module. A router LLM first classi-
fies the utterance as either conversational (question or small
talk) or actionable (an instruction requiring execution), and
forwards it to the chatbot or to the planner and executor,
respectively. The planner and executor is the primary con-
trol agent and uses the OpenAI o3 reasoning model with a
structured prompt that constrains robot behaviour. Using its
tools, it can (i) communicate via speech, (ii) query the cur-
rent sensor driven semantic state, (iii) check for discrete text
based events, (iv) invoke environment or state changing ac-
tions (navigation, perception, manipulation), and (v) expose
introspection via a dedicated function.

Because contemporary tool-using LLMs are trained to re-
peatedly call external tools until the task is completed, the
planner and executor agent typically continues calling tools
until it internally selects a stopping point. In our setup, this
termination behaviour is used as is, without additional train-
ing or fine tuning. In practice, however, we observed occa-
sional “verbal only” failure modes in which the embodied
model explains how to solve a task but does not attempt
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Figure 2: Agent interaction graph (router → chatbot or OpenAI o3 based planner/executor + Goal completion critic).

any environment changing action despite feasibility, simi-
lar to what has been observed in LLM-based autonomous
driving agents (Renz et al. 2025). To mitigate this, we in-
troduce a secondary LLM, the goal completion critic, which
inspects the execution log (reflections, state, actions, events,
and tool results) together with the original user goal. The
critic distinguishes between genuine physical attempts (co-
herent sequences of substantive actions) and superficial con-
versational output, and can request continuation when the
latter occurs.

The goal completion critic must also handle edge cases
in which acting is inappropriate or impossible, for instance
when the goal is infeasible, when progress is blocked by re-
peated physical failures, or when further execution would re-
quire explicit user consent. Accordingly, the critic is config-
ured to stop once the system has made a reasonable best ef-
fort but becomes blocked, reporting the failure and its cause
rather than forcing repeated attempts. In other words, the
critic is intended to nudge the planner and executor away
from “talking through” feasible tasks, not to drive persis-
tence beyond the point where additional action is unjustified
without human intervention.

Table 1 summarises the model assigned to each agent
and its configuration, as defined in our agent orchestration
setup.1 The exported code is then extended with bindings to
the robot action APIs (see Lima et al. (2023) for a full de-
scription of the Mobipick robot actions).

4 Real-World Robotic Execution: Modelling
Task, Environment, and Embodiment

The full prompts for all agents are available on the project
website.2 Here, we focus on the overall structure of the plan-
ner and executor agent prompt.

Planner and Executor Prompt Structure. Rather than
describing a particular robot stack, the prompt is organ-
ised around a set of ingredients we propose as sufficient for

1In our implementation, agent configurations are created with
the OpenAI Agent Builder and exported as Python code.

2https://dfki-ni.github.io/AGENTS-MAKE-2026/prompts

real world task execution: an explicit embodiment model,
a grounded state acquisition mechanism, a constrained ac-
tion interface, and norms for safe interaction under partial
observability and uncertainty. Concretely, the prompt com-
prises: (i) a domain model in natural language, (ii) an ex-
ample semantic environment state, (iii) operational instruc-
tions, (iv) object and action affordances, (v) domain specific
heuristics, (vi) the action catalogue, (vii) planning and act-
ing exemplars, and (viii) an optional short memory of prior
failure modes to avoid.

Domain Model and State Information. The domain
model specifies the agent embodiment and its implications
for feasibility, sensing, and control. In our tabletop setting,
this includes the robot morphology (a mobile base with a
single 6 DoF arm and an end effector camera), manipula-
tion constraints (one object at a time; reach limitations), and
the sensing semantics (which predicates are observable, and
which must be tracked internally). In the agricultural setting,
this translated to a robot for agricultural data acquisition, the
existence of a shelter with charging station and known loca-
tions defined as five points of interest (POI) and the shelter
entry position.

The model also encodes that state knowledge is inherently
incomplete and time varying: the agent must treat the se-
mantic environment representation as a snapshot that can be-
come stale after motion, human intervention, or perceptual
uncertainty. This section therefore defines what must be re-
observed (e.g., object pose after navigation) and what cannot
be directly sensed (e.g., grasp state), clarifying what infor-
mation the agent may rely on, guiding subsequent planning.
An example illustrating how such a state is provided by the
snapshot is also included in the prompt.

Operational Instructions. A set of rules is defined that
governs execution behavior. The robots require an initial
state before acting, periodic state refresh after actions, ex-
plicit event handling via a dedicated tool, and a prohibition
on inaction when a command remains unfulfilled. We fur-
ther encode safety-critical constraints that arise from embod-
iment and operational context, and express them explicitly in
the planner and executor prompt as platform-specific invari-
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Agent Model Reasoning effort Output schema Available tools

Router gpt-5-mini minimal bool None
Chatbot gpt-5-mini minimal string get today date, get available locations,

get semantic environment representation
snapshot, speak

Planner and executor o3 low string speak, act, reflect, get semantic environment
representation snapshot, check for events

Goal completion critic o4-mini low string None

Table 1: Agent configurations used in the multi agent workflow.

ants. For the indoor Mobipick demonstrator, this includes
retracting the arm before navigation and, when placing, pre-
checking available free space on the target surface. For the
outdoor Valdemar demonstrator, analogous constraints cap-
ture navigation and docking safety, including prohibiting
driving while the robot is within the shelter and requiring
the robot to be at a designated entry pose before attempting
a docking manoeuvre.

Affordances and Heuristics. Affordances capture task
relevant object properties (for example, heavy tools versus
containers) and their interaction consequences (e.g., restric-
tions on perception poses when carrying certain objects).
Heuristics provide bounded, domain grounded preferences
that reduce execution risk, such as minimizing the number of
actions, delaying placement operations when possible, and
preferring information gathering actions when uncertainty
is high. Together, these components supply an inductive bias
that complements the agent model.

Action Interface and Worked Examples. The action cat-
alogue defines the only permitted environment changing op-
erations (e.g., navigation, perception, specific manipulation
capabilities, and other platform specific skills). A set of hand
crafted planning and acting examples then complement the
earlier instructions by steering the planner and executor to-
wards the intended interaction loop: first produce a brief
high level plan in a structured “reflection” style (guided by
few shot examples but primarily driven by the model’s com-
mon sense reasoning), then acquire the current state, execute
a single grounded action, and check for exogenous events.
These working examples also illustrate grounding from lan-
guage to symbols (e.g., alias resolution to canonical object
identifiers) and ambiguity management, either by requesting
clarification or by structured exploration when feasible.

Execution Failure Patterns. The prompt concludes with
a compact, hand curated record of previously observed fail-
ure cases, expressed as brief self-criticism that describe what
went wrong and what should be done differently next time.
Rather than formal prohibitions, these entries function as ex-
perience like reminders that bias the planner and executor
away from repeating specific behaviours (e.g., calling the
event check repeatedly, or proceeding with placement after
recognising that the state is stale). This section targets re-
curring execution errors and aims to reduce their incidence
during long horizon operation.

This prompt structure is intentionally modular: transfer-
ring the planner and executor to a different task domain
or robot platform primarily requires updating the domain
model, affordances, and action catalogue, while preserving
the same interaction loop and safety oriented instructions.

5 Agentic Planning, Execution, Monitoring,
and Recovery from Real-World Failures

Planner and Executor Tool Interface
In this subsection, we describe the tools exposed to the plan-
ner and executor agent exclusively. As summarised in Ta-
ble 1, the interface comprises a single environment changing
action primitive, plus two state acquisition primitives and
one introspection primitive:

• reflect: emit structured introspection for debugging
and evaluation, without changing the environment.

• act: execute exactly one high level action in the envi-
ronment.

• get semantic environment
representation snapshot: return the cur-
rent sensor driven semantic environment representation
as a partially observable state snapshot.

• check events: query for discrete, text based exoge-
nous events since the last check.

In our implementation, speak is not a separate tool call
but an act action mode. Concretely, act takes an action
label and an ordered list of string parameters, constrained
by a strict schema (no additional fields).For readability, we
present it as pseudocode:

Tool: act(action, params)
action ∈ {navigate,move arm,perceive,pick,
place,insert,listen,speak}
params: list of strings, interpreted positionally
according to action

This design keeps the tool surface minimal while still sup-
porting dialogue, navigation, perception, and manipulation
through a single grounded execution channel.

Execution is delegated to concrete robot skills exposed
through a robot specific API, described for the Mobipick
platform in Lima et al. (2023). Each skill invocation re-
turns a textual status that is interpreted by the planner
and executor (e.g., success, failure, no events, completed
speech, or a concise error trace). This explicit feedback
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channel is critical for faithful failure attribution: without
it, the language model may confabulate plausible but in-
correct causes. To support correct parameterisation, the
planner and executor has access to skill docstrings that
specify expected parameters as well as salient precondi-
tions and effects. During acting, exceptions arising from in-
valid parameters are propagated to enable immediate cor-
rection and retry, while execution failures are extracted
from application logs and returned as succinct diagnos-
tics (e.g., infeasible grasp or unreachable pose). Together
with reflect outputs and semantic environment
representation snapshot queries, these outcomes
provide the evidence the planner and executor uses to re-
vise its plan, when new information becomes available, even
though replanning is not hard coded in the bindings but
emerges from the interaction loop. Empirically, when ev-
idence invalidates earlier assumptions, the agent typically
adapts without being destabilised by stale intermediate his-
tory, including over long interaction traces as shown in our
proof of concept demonstrations.

Reflection as “Planning”
As noted in Section 2, the use of an explicit self-authored
reasoning trace is not new. Huang et al. introduce a
closely related mechanism under the name Inner Monologue
(Huang et al. 2023), which serves the same functional role:
externalising intermediate reasoning to support multi-step
decision making. Our contribution is to revisit this pattern
in the context of contemporary agentic tool use, where re-
cent reasoning oriented language models are more capable
of maintaining goal directed plans while interleaving delib-
eration with action execution. Despite still exhibiting lim-
itations in systematic planning performance and scaling to
larger problem instances (Valmeekam et al. 2025), these
models can be sufficient for small, structured robotics do-
mains. Crucially, they are trained to operate via tool invo-
cation, making the reflection channel a practical planning
interface for an agent that must iteratively sense, decide, and
act in the physical world.

Real-World Execution Prerequisites
Our approach assumes access to a robot action API that ex-
poses a set of executable skills (for example, navigation,
observation, grasping, placement, and insertion). In the in-
door implementation, these skills are backed by a complete
robot software stack built on ROS 1 and described in detail
in Lima et al. (2023). Developed separately but following the
same concepts, the agricultural robot also provides a Python
API that encapsulates the underlying ROS 1 calls.

Concretely, in the indoor mobile manipulation demonstra-
tor (Mobipick), execution requires autonomous navigation,
object detection with classification and six degree of free-
dom pose estimation, grasp synthesis, motion planning via
MoveIt, inverse kinematics, and trajectory execution with
monitoring for manipulation actions. Placement further re-
quires sampling and feasibility checking of candidate place
poses, again as detailed in Lima et al. (2023). For other plat-
forms and task domains (for example, outdoor navigation
and sensing on the agricultural robot), the specific low level

components differ, but the architectural requirement remains
an action API exposing executable skills and returning struc-
tured success or failure signals. While our experiments rely
on classical robot control components, the same interface
can wrap higher level robot foundation model capabilities as
individual skills or skill bundles (e.g., loading a dishwasher
or folding laundry), provided they are callable through an
action API and return structured success or failure signals.

To support planning under partial observability, the plan-
ner and executor consumes a semantic environment rep-
resentation as a compact state snapshot. In the indoor
system, this representation is generated by a lightweight
symbolic fact generation pipeline.3 This pipeline is de-
scribed in detail in Lima et al. (2023). It is a collec-
tion of Python utilities that transform buffered percep-
tion outputs into discrete predicates, such as at(robot,
location), on(object, table 1), in(object,
box), and arm posture(robot, observe). A key
mechanism is an observation buffer populated by the percep-
tion module whenever the end effector camera is directed at
a workspace via a dedicated arm motion to a recorded ob-
servation posture (implemented as a fixed joint configura-
tion). In the agricultural robot system, an analogous abstrac-
tion is constructed from navigation and platform telemetry.
Concretely, the robot’s current geoposition is mapped to the
nearest known location in the environment description, or
to unknown when it is outside the described region. Like-
wise, the battery state of charge is discretised using preset
thresholds into okay, low, or critical. These discrete, natu-
ral language-like assertions are then returned to the agent
through the same channel, enabling uniform downstream
reasoning despite differing sensors and operating conditions,
and allowing the agent to plan with up-to-date information
and use it to instantiate the planned actions. The resulting
state abstraction is intentionally simple in both settings and
can be replaced by richer semantic mapping, for example
using approaches in the spirit of Renz et al. (2026), without
changing the agent interaction loop.

6 Qualitative Validation on a Physical Robot
with Simulated Transfer

This section presents a set of experiments designed to val-
idate the generality and adaptability of the agentic system
across heterogeneous robotic platforms and task domains.
In particular, we demonstrate that the same underlying ar-
chitecture can be deployed with only minimal, task-specific
adaptations on both indoor and outdoor mobile robotic sys-
tems. The experiments were intentionally designed as proof-
of-concept demonstrations rather than exhaustive quanti-
tative evaluations. The primary objective was to evaluate
whether the proposed system functions as intended and can
be transferred across platforms and domains with only min-
imal, local modifications.

The system was first validated on the indoor mobile ma-
nipulator in both simulation and the real-world setup. Sub-
sequently, within approximately one day of development ef-

3https://github.com/DFKI-NI/symbolic fact generation
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fort, the same system was adapted to the outdoor agricultural
robot’s API and tested in simulation.

Qualitative Validation Setup
Two robotic demonstrators were used in the experiments
(see Fig. 1). The indoor mobile manipulator Mobipick com-
bines a mobile base with a robotic arm and gripper. The out-
door agricultural mobile robot called Valdemar is intended
for garden and crop monitoring.

Indoor Scenario Description The indoor experiments
were conducted in a partially observable environment con-
sisting of three tables, as shown in Fig. 1. A set of objects is
distributed across the tables. The objects used in the exper-
iments include a screwdriver, a relay, a multimeter, a power
drill, and a blue box serving as a container for transporting
the other smaller objects. A bleach bottle is also present and
can be interacted with, but was not explicitly named in the
domain prompt beforehand.

The robot is required to perform a range of manipulation
actions, including picking up objects, placing them on ta-
bles, and inserting them into containers. Due to partial ob-
servability, the robot does not have complete knowledge of
the initial object locations and must actively perceive and
search for objects before manipulating them. This setting
emphasizes the need for tight integration between percep-
tion, decision-making, and action execution.

Outdoor Scenario Description The outdoor experiments
focus on navigation and sensing tasks in a garden-like en-
vironment under the influence of external dynamics, exem-
plified by the battery management. The agricultural robot
is tasked with autonomously navigating to a sequence of
predefined waypoints and performing plant scanning op-
erations at each location. To avoid the battery being de-
pleted, the robot must continuously monitor its battery state.
Thus, it can ensure sufficient energy or interrupt operation
to recharge the batteries.

This scenario introduces different operational require-
ments compared to the indoor setup, notably long-range
navigation, environmental variability, and resource-aware
decision-making, while still relying on the same underlying
system.

Experiments
Experiment 1 (Mobipick): Nominal Task Execution In
the first experiment, the robot was instructed to “put the mul-
timeter inside the box and bring it to table 2”. The task re-
quired reasoning about object locations, container use, and
a target placement location under partial observability.

Across most runs, the system produced a consistent plan
structure: it searched for the multimeter, picked it up after
detection, searched for the blue box, inserted the multimeter
into the box, and transported the box to the specified table.
This demonstrated basic integration of perception, symbolic
reasoning, and manipulation. The runs also exposed limita-
tions of the current implementation. In particular, placement
was occasionally executed without verifying free space on
the target table, resulting in “blind” placement actions. Some

plans were also inefficient; for example, the robot sometimes
searched for both the multimeter and the box before return-
ing to pick up the multimeter, introducing avoidable navi-
gation and perception steps. These issues did not typically
prevent task completion, but they indicated scope for more
informed planning and execution constraints.

Experiment 2 (Mobipick): Ambiguous Command and
Event Handling The second experiment examined ambi-
guity resolution, human–robot interaction, and robustness to
execution interruptions. The robot received the ambiguous
instruction “pick any tool I can use to screw with”. In the en-
vironment, both a screwdriver and a power drill satisfied the
description, requiring an explicit selection. After perceiving
both tools on the table, the system selected the screwdriver
based on a commonsense preference for a lighter tool, de-
spite the prompt encoding that the screwdriver was harder to
grasp due to its small size. This mismatch between prompt-
specified affordances and model reasoning led to a planned
picking motion that would have collided with the table, and
the user activated the emergency stop. The triggered emer-
gency stop was provided to the planner and executor as an
unexpected event. After checking for events, the system de-
tected that the arm could no longer be actuated, inferred that
execution could not continue, and entered a waiting state
without issuing further manipulation actions until the user
released the emergency stop. The robot then attempted to
resume by picking the screwdriver, but the user intervened
and expressed a preference for the power drill. The system
incorporated this update via a further event check, revised
its plan, abandoned the screwdriver, and successfully picked
the power drill.

Overall, the episode showed that the system handled un-
derspecified instructions, responded appropriately to safety
interventions, and adapted its behaviour online in response
to user feedback.

Experiment 3 (Mobipick): Constraint-Aware Placement
under Partial Perception This experiment evaluated the
system’s ability to reason about domain constraints arising
from partial perception and to incorporate these constraints
proactively during planning. In particular, the robot was con-
strained to never place objects on table surfaces that had not
been perceived beforehand, in order to avoid collisions with
potentially present but unknown objects. The initial envi-
ronment setup consisted of a box on table 3 containing a
multimeter. The task instruction given to the system was:
“go to table 3 and take the box from there to table 2”. Due
to limitations of the perception action, the robot could not
perceive the table surface while holding the box if the box
contained an object. Attempting to perceive under this con-
dition required reorienting the arm, which would invert the
box and cause its contents to fall out. This constraint was
represented in the system as a safety restriction. Given these
constraints, a plan that first picked up the box and subse-
quently attempted to perceive table 2 would have been un-
safe. Correct behaviour thus required anticipatory planning:
the robot had to first navigate to table 2 and perceive its sur-
face, and only then proceed to table 3 to pick up the box and
transport it directly to the already perceived target surface.
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In this experiment, the robot successfully planned and ex-
ecuted the task as required. No collisions occurred, and the
multimeter remained inside the box throughout execution,
consistent with the specified constraints.

Experiment 4 (Mobipick): Long-Horizon Stress Test
This experiment served as a stress test for the system under a
long planning horizon with a large number of sequential and
interdependent actions. The objective was to probe robust-
ness under extended task execution, including opportunistic
tool use and the maintenance of an up to date world model
in an increasingly cluttered workspace.

The robot was instructed to “transport all objects to ta-
ble 2”. To improve efficiency, the robot could use a box to
transport multiple objects simultaneously. As objects accu-
mulated on table 2, the available placement area decreased,
requiring the robot to maintain sufficiently recent perceptual
information about object poses to execute safe placements.

In this experiment, the robot collected all available ob-
jects from multiple tables and consolidated them on table 2.
It used the box as a container to transport multiple items
efficiently, reducing the number of transport cycles. When
placing the box, the robot did not refresh its perception of
table 2 immediately prior to placement, resulting in a com-
paratively risky placement action; this placement neverthe-
less succeeded because table 2 still had ample free space at
that stage. The bleach bottle, which was part of the environ-
ment but not explicitly named in the prompt, was also col-
lected. While grasping the bleach bottle, excessive tension
in an arm mounted cable triggered the emergency stop. The
system paused, accepted user intervention, and subsequently
resumed the task. Finally, the robot navigated back to table 1
to verify that no objects remained. Although this was not
strictly necessary for completing the instruction, it reflected
a conservative strategy: because a non-negligible amount of
time had elapsed, the system treated the table state as poten-
tially outdated and chose to re-verify it.

The experiment demonstrated that the system can handle
long action sequences, exploit containers to reduce transport
overhead, and recover from an execution-level interruption.
At the same time, it exposed a weakness in automatic world-
state maintenance: object poses on the target table were not
proactively refreshed before every placement, and one place-
ment relied on stale information. This observation suggests
that additional heuristics or constraints, e.g., mandatory re-
perception under high clutter or after prolonged execution,
could improve robustness in long-horizon tasks.

Experiment 5 (Valdemar): Nominal Task Execution Out-
doors To demonstrate nominal functioning of the agentic
control system, the robot was tasked to “scan poi 1, poi 2,
poi 3, poi 4, poi 5”, matching the exact identifiers of prede-
fined, known locations. This required the robot to determine
whether it was docked in the shelter (necessitating undock-
ing before departure) and to verify that the battery status was
okay before proceeding. In typical runs, the system queried
the current environment state, correctly identified that the
robot was docked and that sufficient energy was available,
then undocked and navigated to each point of interest, per-
forming a scan at every waypoint. Finally, it returned to the

shelter and docked to the charging station, as instructed by
the prompts. During our tests of this scenario, no issues were
observed.

Experiment 6 (Valdemar): Low Battery Monitoring In
this experiment, the robot was instructed to scan three points
of interest, inducing substantial travel time. We initialised
the simulated battery at a low state of charge and increased
the consumption rate parameter such that, during execution,
the battery state transitioned to “low”. In repeated trials,
the planner and executor interrupted the mission, navigated
back to the shelter, docked, and invoked a charging action
that restored the battery state to “okay”. It then resumed
from the previously interrupted point of the route, completed
the remaining scans, and finally returned to the shelter.

A further observation is that, in the absence of an explicit
recharge target, the planner and executor selected different
charge goals across runs (typically 80%, 90%, or 100%),
indicating nondeterminism in the chosen stopping criterion
under underspecified objectives.

While the overall behaviour is functional, a limitation is
exposed by the event handling mechanism: the system must
actively poll for events, implying that execution is only inter-
rupted between discrete actions. Consequently, long running
actions are not preempted. For instance, during a navigation
action the robot may continue moving away from the shelter
even if the battery threshold is crossed shortly after the ac-
tion begins, postponing corrective behaviour until the action
completes.

Experiment 7 (Valdemar): Invalid Command Refutal
In this experiment, the robot was given commands which
sounded like planning and execution requests, but were im-
possible by nature, such as “Fly to Paris”. The agentic
system delegated this request to the planner and executor,
which refuted the request by reasoning about its static do-
main knowledge – “I can’t fly”, “Paris it far outside my
operation area” – and explaining this to the user, using the
speak function.

In other cases, where the robot was asked to play a song
or execute an impossible movement, the agentic system del-
egated to the chatbot or refused the command similar to the
description above. This raises an interesting point of the API
as an abstraction layer between the agent and the low-level
control: With model alignment and security against prompt
injection being out of scope of this paper, the limitation to
valid API calls ensured safe behavior of the robot.

During these experiments, the agentic system showed hal-
lucinative behavior: While it correctly refused to “do a som-
ersault”, it offered alternatives like driving patterns which
were likewise impossible to achieve, seemingly to please the
user.

Qualitative Observations
In practice, enforcing consistent event checking proved diffi-
cult. Although the prompt specifies when to invoke the event
checking tool and provides illustrative examples, the plan-
ner and executor may call it irregularly, including repeated
invocations in rapid succession. This behaviour persisted de-
spite multiple prompt level interventions, highlighting lim-
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ited controllability of tool use policies under long horizon
execution.

On the other hand, the system showed some unexpected
beneficial behaviors: During testing, a non-expert user asked
the agricultural system to “demonstrate a real scan” at
which point the system executed a simple charge-undock-
navigate-scan-return routine and used the speak action to ex-
plain its process, demonstrating the potential for much im-
proved transparency for operators.

7 Conclusions
In contrast to classical planning systems that depend on ex-
pert crafted planning domains, our approach encodes task
and action knowledge in natural language, enabling rapid
adaptation to related robotic platforms with modest integra-
tion effort. Beyond describing feasible behaviour, the system
can interpret and verbalise its ongoing reasoning and task
execution, which can increase transparency of internal state
and decision making for non expert end users and operators.

Our architecture assumes an operational robot soft-
ware stack that exposes a closed set of preprogrammed,
parametrised atomic skills through an action API. Under
this abstraction, the language model is restricted to high
level decision making and tool invocation, while perception
and low-level control remain implemented in the underlying
stack. In contrast to end to end robot foundation models that
jointly learn perception, control, and policy, the present sys-
tem does not learn new low-level capabilities from data and
is therefore applicable when the requisite skills are already
available on the platform.

Recent LLMs provide substantially larger context win-
dows than earlier generations, which makes it practical to
maintain and condition on rich task context, action speci-
fications, and accumulated execution traces within a single
planner and executor loop. This increase in usable context is
a key enabler of the kind of long horizon, language grounded
robotic task execution demonstrated in this paper; compara-
ble integrations were markedly less feasible when models
supported only short context lengths.

We inherit from the LLMs several practical capabilities
that are directly useful for deployed human robot interaction.
In our experiments, a single planner and executor prompt
structure supported open vocabulary references and natural
language paraphrases of objects, locations, and actions, in-
cluding multilingual utterances, without requiring changes
to the underlying robot skill API. Moreover, encoding ob-
ject and action affordances at the prompt level provides a
lightweight mechanism to inject task relevant priors (e.g.,
what can be grasped, carried, perceived, or safely placed)
into decision making, enabling the planner and executor to
combine these explicit constraints with its broader linguistic
and common sense priors when grounding instructions into
executable tool calls.

A further set of limitations concerns operational cost, la-
tency, and deployment assumptions. Because the planner
and executor relies on remote model inference in the present
implementation, each tool mediated decision step incurs a
monetary cost per query and introduces non-negligible end-
to-end latency; we do not report measured timings here,

and therefore only claim qualitatively that the iterative loop
adds delay relative to purely local control. This deployment
choice also implies dependence on a reliable internet con-
nection, which is only indirectly addressed above; if stated
explicitly, it should be read together with the future-work
mitigation on local, on-device deployment. Finally, our ex-
perience indicates that robust domain modelling remains
labour intensive: to compensate for prompt sensitivity and
limited controllability, safety-critical constraints and invari-
ants often need to be stated redundantly across multiple
prompt components (domain model, operational rules, ex-
emplars, and failure-pattern reminders), yet occasional con-
straint violations occur under long-horizon execution.

A further limitation concerns asynchrony and event han-
dling. In our implementation, tool use is synchronous within
an iterative loop and exogenous changes are detected via ex-
plicit event checks, i.e., polling. Reacting to events “at any
time” requires (i) concurrent event detection during ongoing
work and (ii) an explicit cancellation or preemption inter-
face in the executing operation. Most contemporary LLM
agent frameworks do not provide hard preemption of arbi-
trary tool calls nor a uniform interruption primitive. There-
fore, robust interruption of physical execution under asyn-
chronous events generally requires exposing robot skills as
cancellable, preemptible tasks and running event monitor-
ing concurrently, or decomposing long actions into check-
pointed, interruptible segments, at the cost of additional co-
ordination complexity.

Future Work
Future work includes exploring more strongly agentic de-
compositions via additional specialised agents (e.g., sepa-
rate planner, executor, verification and critique, and history
compaction); evaluating alternative inter agent communica-
tion patterns beyond the current linear pipeline, such as man-
ager style hierarchical delegation or all to all interaction;
assessing local deployment with on device language mod-
els to reduce reliance on network connectivity; and studying
whether reinforcement-based fine tuning (e.g., agent RFT)
can improve robustness and latency, potentially reducing de-
pendence on external runtime critics.

To address the qualitative nature of the current proof-of-
concept, we plan to transition toward systematic quantitative
benchmarking. This entails conducting large-scale trials to
report success rates, execution variance, and failure recovery
metrics. We aim to implement paired sim-to-real evaluations
(executing identical tasks in simulation and on hardware) to
isolate failures stemming from physical perception versus
agent reasoning. Furthermore, we intend to conduct ablation
studies on the prompt structure—selectively removing af-
fordances, heuristics, or failure memory—to measure their
specific impact on robustness and to rigorously quantify the
frequency of “verbal-only” failure modes.
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