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Abstract—Robotics and language models occupy two funda-
mentally separate domains. Commanding or extracting informa-
tion from embodied robotic systems typically requires a certain
level of proficiency in operating the system’s interfaces, be it
interfaces for physical interaction (like controllers and other
input methods), or programmatic interfaces for information.
This can be a hurdle for anyone unfamiliar with the system.
Meanwhile, anyone capable of speaking or writing a supported
natural language can interact with language models and use them
to request, process or provide information.

To make robotic systems more accessible, we propose Robotic
Tool Workflows (RTWs) to bridge the gap between an LLM-
powered natural language frontend and a robotic backend that
is home to pre-existing functionality of the robot. This enables
natural language to be an intuitive user interface to both
the robot’s physical skills, as well as its internal state and
information. We present preliminary insights deploying RTWs
on three complex robotic systems; the wheelchair-based mobile
manipulator MAYA, the humanoid torque-controlled robot TORO
and the autonomous industrial mobile manipulator ATMM. We
show how RTWs can be used for robot command, task plan-
ning, and requesting information, enabling the systems to be
commandable and explainable.

I. INTRODUCTION

Many robotic systems employed today use well-defined
and modular cognitive architectures, including, for instance,
world modelsﬂ and action representations || While such
modules are tightly integrated into systems and have been tried
and tested over time, interacting with them (e. g., retrieving
explanations or starting a task, as illustrated in Fig. [I), is
often challenging as it requires a certain level of expertise
with robotic middleware APIs or other low-level interfaces.

Inspired by advances in foundation models such as large
language models (LLMs), user frontends based on natural
language have emerged as promising alternatives for robot
users [3]l, [4]], offering accessible and intuitive ways to interact
with a robot. However, to employ LLMs to the robotics
use case, they need to be given the ability to interact with
all relevant modules in the robot’s backend. In the example
in Fig. [T} an LLM would need to either request information
from a world model or call internal functions to start a task.

To facilitate this integration, we propose Robotic Tool Work-
flows (RTWs) that bridge the gap between an LLM-powered
natural language frontend and a robotic backend that is home
to pre-existing functionality of the robot. The key element
are so-called LLM tools, i.e., code functionalities that enable
LLMs to interact with pre-existing functionality, wrapped to

'We use the term from a robotics perspective:“A world model is an internal
representation that reflects relevant parts of the physical world” IEI]
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Fig. 1. High-level visualization of a tool-based workflow in robotics.
Top: Example action request for the humanoid robot TORO. Bottom: Example
information request for the wheelchair-based robot MAYA. Depending on the
choice of tool implementation, the underlying LLM can also be given the
capability to choose appropriate parameters of parameterized tools, e.g., to
choose the appropriate number of steps mentioned in the user’s query.

abstract the inner logic away from the LLM and documented
in a human-readable way that tells the LLM the intended usage
of that tool. To increase oversight, tools are deployed in pre-
defined code paths called workflows [5]], enabling controlled
access to the flexibility of LLMs. As illustrated in Fig. [T} this
enables natural language to be an intuitive user interface to
both the robot’s physical skills, as well as its internal state
and information.

The goal of this paper is to report on our experience
deploying RTWs on three complex robotic systems, each with
its own pre-existing modules and thus with tools adapted
to their use-case: the wheelchair-based mobile manipulator
MAYA, the humanoid torque-controlled robot TORO, and the
autonomous industrial mobile manipulator AIMM. To summa-



rize our contribution, (i) we introduce the concept of RTWs,
and provide implementational details for practitioners; (ii) we
describe the RTW for the three robots above; and (iii) we
show a set of demonstrations beyond the examples in Fig. [I|
illustrating how RTWs can be used for intuitively commanding
the robots, as well as requesting and providing information to
their pre-existing internal models.

IT. RoBOTIC TOOL WORKFLOWS
A. Background: LLM Tools

Tools are a means to impart upon LLMs a level of agency,
extending their capabilities beyond just language output. In
our implementation, LLM tools are self-documenting Python
classesE] that tell the LLM when and how to use the tool,
serialized into a standardized JSON format.

Example: Consider a toy use case of determining which
one of two decimal numbers is the larger one. Numbers with
decimal points have in the past been a weakness of LLMs,
resulting in LLMs responding 0.19 > 0.2 because 19 > 2.
By alleviating language models from having to do math and
providing a Python function with which to compare the two
numbers, the LLM’s responsibility is then simplified to just
identifying the two numbers of interest from the query and
then parameterizing the tool with those numbers. The task of
actually comparing the numbers is completed using a Python
function inside CompareNumbers.execute(). We note that the
tool’s logic for comparing the numbers is excluded from its
serialization, and thus withheld from the LLM. All the relevant
information that it needs to complete the task is given through
descriptive documentation strings.

import pydantic
import typing

class CompareNumbers(pydantic.BaseModel):
Use this tool to compare the value of two numbers.

num_1:
num_2:

typing.Annotated[float,
typing.Annotated[float,

"1st number to compare”]
"2nd number to compare”]

def execute(self):
if self.num_1 == self.num_2:
print("They’re equal.")
else:
smaller_num: float = min(self.num_1, self.num_2)
bigger_num: float = max(self.num_1, self.num_2)
print(f”"{smaller_num} is smaller than {bigger_num}.")

Sparing the LLM all the implementation details and lower-
level logic can prevent context cluttering and eventually hal-
lucinations, as well as speed up the interaction. This pattern
becomes critical when the .execute() methods contain lots
of non-trivial logic that is not instrumental for the LLM in its
simple task of choosing and parameterizing the tool.

B. Using Tools in Robotic Workflows

To adapt LLM tools to our robotics use case, we implement
our communication logic with the robotic backend within
the .execute() methods. A helpful design pattern for the

Inspired by previous work [6], we implement the tools as Pydantic
classes, allowing type-checking and parameter validation. This also facilitates
automatic error handling, by feeding error messages back to the LLM in the
case that its chosen parameterizations are invalid.

roboticist is to encapsulate lower-level communication logic
with the robotic backend within a robot interface, which can
be passed to the .execute() method as a parameter via
dependency injection.

class RoboticTool (pydantic.BaseModel):

def execute(self, robot_interface):

robot_interface.encapsulated_logic()

This has the additional benefit of allowing multiple LLM
tools to cleanly share robotic functionalities with each other
without code duplication. We utilize LLM tools in the form
of workflows, where tool calls and their execution follow pre-
defined code paths [5]]. This paradigm affords the developer
a level of predictability and control over the actions triggered
by the LLM.

The most basic general interaction loop between user and
LLM starts with the user giving a query to the LLMﬂ The
LLM is then given a list of tools from which it must choose
one to answer the query. When the LLM fails to select one
of these tools correctly, or parameterizes a tool incorrectly,
an error message is raised/caught and passed to the LLM, re-
quiring it to self-correct. After the LLM has correctly selected
a tool (and parameterized it, if applicable), the .execute()
method is called, executing whatever logic the developer has
implemented therein.

While this blueprint is common among our demonstrators,
we implement further steps to fit the robot’s individual use
cases, such as tool hierarchies, tools generated (or enabled)
dynamically from the context, and robot-specific guardrails.
These are described with the specific demonstrators below.

C. Demonstrations with Three Robots

1) Toro: Toro [9], [10] (Fig. E]) is a humanoid robot with
legs and hands capable of passive walking, stair climbing, and
manipulating objects. Furthermore, its high mobility allows
it to complete human-oriented tasks and to make expressive
gestures. It is used as a platform for terrestrial and extra-
terrestrial surface applications.

a) Tool Workflow: TORO implements the aforementioned
basic common LLM interaction loop and serves as a base-
line. The features that are accessible to the LLM involve
executing simple pre-planned motions without variation, as
well as reproducing static information about itself, mainly for
demonstration purposes. This demonstrator served as a proof-
of-concept for our approach, which we expanded further on
the other demonstrators.

b) Example Tools: As seen in Fig. [I] and Fig. [2] (cen-
ter), TORO can TakeAStep(leg, x, 'y, yaw), where
leg € {"left”,"right"}, x € [-0.156m,+0.15m], y €
[—0.1m, +0.1m], yaw € [—45°, +45°] are parameters the LLM
can set freely, which get validated at runtime. We also depict
in Fig. ] other tools used in TORO’s demonstration at the 2025
Automatica trade fair, such as waving or celebrating a football
goal (the latter with an optional parameter to celebrate in the
style of Cristiano Ronaldo, a popular demo at trade fairs).

3We note that we utilize on-premises (local) LLMs exclusively. Our
demonstrations use either the Mistral Small (e. g., [7]]) or the Qwen & Qwen-
VL (e.g., [8])) families.



Hey TORO, could you please introduce
yourself to the audience today?

TORO decided to wave its hand.
TORO finished processing!

TORO wants to say something.
‘ -

Hello, everyone. I'm TORO, a
humanoid robot from DLR. It's nice to

W meet all of you at Automatica.
—
—
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objects it located.

Providing a response...

| can see a green mug, a blue
thermos, and a drawer handle.

| can open the drawer, pick up the blue thermos,
and pick up the green mug.

I'm now starting the task

Fig. 3. MAYA relays information from its world model and skill engine, then
opens a drawer upon request.

2) MAYA: MAYA (Fig. [3), like its predecessor EDAN [T1]],
is a wheelchair-based mobile manipulator featuring a robotic
arm and gripper, designed to help wheelchair-bound and
motor-impaired users complete everyday tasks around the
household, such as opening doors and drawers, and providing

Hey TORO, could you please imitate
Neil Armstrong with a step?

TORO wants to say something.

TORO decided to take a single
step with its right leg.
TORO finished processing!

With pleasure! I'll take one small step
for man, one giant step for robots!

Hey TORO, who's your favorite football
‘ player? Could you celebrate like them?
TORO wants to say something.

TORO decided to celebrate with a SIUU.
» TORO finished processing!

Well, | love to watch Cristiano Ronaldo.
He's not only a great football player but he
also has an amazing celebrational move.

o — - .
e Would you like me to show it?
— Y

drinks. With cameras and object detection, MAYA can recog-
nize known objects in its environment and add them to its
world model [12]. Depending on which objects are currently
present in the robot’s world model, the robot’s skill inference
engine exposes the skills to interact with those objects in
the form of shared control skills through the robotic
middleware. These skills can then either be executed by the
user in shared control, or triggered to be executed in supervised
autonomy with an automaton [13].

a) Tool Workflow: While TORO’s tools allow it to re-
spond with basic, static information and pre-planned motions,
MAYA’s also enable the retrieval of dynamic information and
the execution of tasks that are dependent on the current state
of the world. Since the list of available skills is dynamic, the
tools cannot be given to the LLM as a static list. Therefore,
(1) we generate and enable LLM tools dynamically from the
robot’s available skills at runtime; and (2) as the dynamic list
of tools can grow large and potentially confusing to the LLM,
we opt not to present all tools to the LLM as a flat list, as
has been done in recent works , but rather hierarchically.
One example is first grouping the tools into information tools
and task tools: Once the LLM has completed the first step of
classifying the user’s query as either an information request
or an action request, it is presented with the expanded list of
available tools from only the relevant category. Finally, we
are able to keep the conversation history, enabling the LLM
to refer to previous messages.

b) Example Tools: General information requests can
be made regardless of the state of the world, such as
ExplainSafetyFeatures and ListAvailableTasks, the lat-
ter illustrated in Fig. [3] As for the dynamically created task
tools, commonly demonstrated tasks executed with supervised
autonomy include OpenDrawer (Fig. E[), OpenCabinet, and



PickMug, among others. Finally, WhyNoObjectsOrTasks can
give useful information for troubleshooting.

3) AMM: The Autonomous Industrial Mobile Manipulator
(AIMM) is a system focusing on autonomous logistic tasks
in partially unstructured environments such as factories and
laboratories. To achieve complete autonomy in such cluttered
environments, AIMM employs a navigation system, object
detectors for both known and unknown objects, a motion
planner for collision-free manipulation, a flow-control system
to orchestrate the behavior, and a robotic world model named
AIMM-WM to represent the world relevant to all of
the other software components. AIMM-WM is a tree-based
world model, having nodes that represent both concrete (e. g.,
boxes and trays) and abstract objects (e.g., approaches and
grasps) and directed edges that represent a 6D rigid body
transformation between nodes [16].

a) Tool Workflow: The goal is to enable operators to
request and provideEl information from the AIMM-WM. As
with MAYA, tools for AIMM are categorized hierarchically.
The LLM is first instructed to decide between pre-existing
Getters (for retrieving information) and Setters (for up-
dating information) from the world model’s API. If none of
these are deemed sufficient to answer the query, the LLM is
presented with a new set of tools for generating queries in
the underlying database’s query language Cypher. Generating
queries through these tools are done with query templates to
guardrail the generation and ensure integrity of the database.
Once again, keeping the chat history allows for natural inter-
actions that refer to previous conversation turns (Fig. F).

b) Example Tools: Using the world model API’s
getter and setter tools, the operator can ask the LLM to
GetObjectPoses(object name), GetEmptyStorages(),
AddObject(object name, parent name) and
SetObjectProperty(object name, property name,
value), among others. The LLM can also fall back
to generating guarded Cypher queries in order to
RetrieveNodes(node type, match attribute,
return_attribute) or RetrieveParentOrChild(...)
with analogous parameters in order to retrieve information
from single nodes or node tuples. Parameterizations by the
LLM are validated against the database’s schema. This allows
operators to ask for properties of objects (such as weight and
color), as well as object relations (such as “in” or “on”).

D. Discussion

Tool workflows are implemented as pre-defined and curated
paths, where each iteration within the interaction loop fun-
damentally functions the same as the next one. We follow
different designs, tailored to each robot’s use-case. For in-
stance, MAYA’s task tools are dynamic and their availability
is dependent on the state of the world. Therefore, the LLM is
only allowed to call a single tool per iteration, as a second tool
might not be available anymore after the execution of the first.
In contrast, iterations in TORO’s interaction loop are somewhat
liberal in the sense that the LLM can decide to execute more

4This has an architectural advantage that the knowledge provided by
operators can contribute to the system autonomy without additional overhead.

L What's the weight of a centrifuge_base?

ght o trifuge_b

accessible through the WH API.

Trying cypher, matching
node_name=centrifuge_base, returning mass...
Cypher query returned 8.03.

The weight of the centrifuge_base is 0.03 kg.
e ol d 7 o s I

No, it shouldn't be 30g, it should be 30kg.
Change it.

Calling SetObjectProperty, fr
node_name=centrifuge_base, mass=38

I've updated the mass of the centrifuge_base to ‘
30 kg. The value has been corrected accordingly.

Fig. 4. The AIMM system in a medical laboratory, performing PCR assay
tasks. The LLM interaction (right) was created from a digital twin of the
robot’s world model recorded in a similar setting.

than one action, and we permit a number of actions until a
pre-defined limit.

Our implementation of RTWs takes advantage of how tool
workflows can easily facilitate guardrails around the LLM.
The intent and decision making always lies with the user and
programmer, while the LLM is only responsible for translating
that intent from natural language to robotic functions. This
philosophy aims to maximize predictability and reliability,
which is especially valuable for mission critical applications.
However, this approach limits the potential of LLMs to
do more intelligent decision making of their own. In more
agentic approaches (e.g., [17]), LLMs are not guardrailed
by interaction loops but rather given the freedom to call
conditional chains of tools, where human intervention is less
necessary. While that is more conducive to autonomy, tool
workflows allow us to prioritize predictability and safety with
our physical robots. To explore both approaches, we intend
to compare tool workflows with agentic approaches for our
robotics use case in future work, carrying out experiments on
the real robots to evaluate flexibility, robustness in instruction
following, and safety.

III. RELATED WORK

Our robotic tool are akin in philosophy to Model Context
Protocols (MCP [18])), a widely adopted community standard
to interface LLMs to with real databases and web APIs.
We are also inspired by work in the robotics community
that provide a natural language interface with tools from
the Robot Operating System (ROS), such as the Al-powered
agent ROSA (3]}, the robotic MCP software RoboNeuron [[19],
the robotic explainability system NealAlI [20], and the skill
adaptation system for manufacturing IROSA [14].

Similarly to our approach, other work has been done to
hierarchically interface with a robot’s skill library using natural
language but with the addition of VLMs for object grounding,
whereas our object grounding is rooted in a world model
shared with other robotic modules. While our implementations
of RTWs serve as a self-documenting natural language inter-
face to existing skills, LLM-Cap2Skill aim to generate
the code for robotic skills from existing capability ontology
descriptions and middleware API documentation.
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