From Vocal Instructions to Household Tasks:
The Inria TIAGo++ in the euROBIN Service Robots Coopetition

Fabio Amadio*, Clemente Donoso*, Dionis Totsila*,
Raphael Lorenzo, Quentin Rouxel, Olivier Rochel, Enrico Mingo Hoffman, Jean-Baptiste Mouret, Serena Ivaldi

Abstract—This paper describes the Inria team’s integrated
robotics system used in the 1st euROBIN coopetition, dur-
ing which service robots performed voice-activated household
tasks in a kitchen setting. The team developed a modified
TIAGo++ platform that leverages a whole-body control stack
for autonomous and teleoperated modes, and an LLM-based
pipeline for instruction understanding and task planning. The
key contributions (opens-sourced) are the integration of these
components and the design of custom teleoperation devices, ad-
dressing practical challenges in the deployment of service robots.

Index Terms—Al-Enabled Robotics; Domestic Robotics;
Telerobotics and Teleoperation; Hardware-Software Integration
for Robot Systems

I. INTRODUCTION

This paper describes the system integration and the soft-
ware/hardware modules used by the Inria team participating
in the 1st euROBIN coopetition/ (i.e., cooperative competition,
where teams are rewarded when they collaborate in sharing
software), which took place in Nancy, France, on the 25-28
November 2024. EuROBIN|is a Network of Excellence in Al
and Robotics, funded by the European Commission. Among
its objectives, it promotes transfer of robotics and Al software,
methods and practices, by organizing annual robotics events
where several teams collaborate to solve challenging tasks.
Twenty teams participated in the 1st coopetition, in three
different leagues. The Inria team participated in the Service
Robots League, including six teams/robots, where mobile
manipulators interact with people and objects in a domestic en-
vironment. Service or domestic robots must possess navigation
and manipulation skills, as well as the ability to understand
and interpret commands from humans, and act accordingly [|1].
Localization, perception and control are critical to navigate in
a cluttered environment and interact with objects: doing this
robustly in environments different from the lab is still chal-
lenging. For interaction, Large Language Models (LLMs) re-
cently showed great potential in connecting natural language to
robotic actions [2], [3]], relying on “common sense” reasoning
to comprehend ambiguous instructions; but they must be both
reliable and fast enough for real-time human-robot interaction.

To help teams address these problems, the euROBIN
coopetition introduced a simplified kitchen scenario in which
the robot was requested to understand and execute standard
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Fig. 1. System overview: our LLM-based planner understands voice
commands and generate a plan (in JSON format) that is used to assemble a
Finite State Machine (FSM) for carrying out the instruction. Teleoperation
is used both to record expert demonstrations, and to intervene in case of
emergency or failure.

instructions following two patterns: (1) pick an object from a
designated location and place it at another location; (2) pick
an object from a designated location and deliver it to a person.
Teleoperation was allowed (but penalized in the point system)
to extend the use of the platforms to new or unexpected
situations and cope with failures that might occur during
autonomous operation. The coopetition participants developed
both hardware and software, addressing the challenges related
to the system integration, including third-party software
integration, and execution in realistic competition setting.

The Inria’s robot (Fig. [I) is a modified TIAGo++ with
omnidirectional base. Its main components are a Whole-Body
Control (WBC) stack for both teleoperated and autonomous
operation and a LLM-based plan generation pipeline for
instruction understanding. Together with the description of
the system components and their integration (Fig. 2)), we share
the software and the design of the bimanual teleoperation
devices (links reported in Table [I). A video of the robot in
action is available at youtu.be/5mSIYuH4Mdk.

II. MODULES AND COMPONENTS
A. Motion control

This module coordinately controls all the TIAGo++ DOFs
through an optimization-based WBC [4] stack that reads
the proprioceptive data from the robot and maps user-level
Cartesian references into joint-space commands for the low-
level controller. This WBC formulation offers a principled
and unified solution to handle the redundancy of the platform
(e.g., combining arm motions and torso motions), while taking
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Fig. 2. General overview of our system, based on a dual-arm TIAGo++ robot with an omnidirectional mobile base. Each block includes its connected
peripherals, positioned above it. The robot is equipped with three RGB-D cameras (one fixed and two mounted on the grippers) and three webcams for
teleoperation. A laptop mounted on the robot manages the WBC stack (Sec. @, RGB-D camera processing (Sec. @ plan execution (Sec. m), navigation
(Sec. @) and human pose tracking (Sec. @ Additionally, a Jetson Nano on the robot streams webcam footage to the teleoperation station and renders
interactive visuals on a 7-inch screen mounted on the robot. Computationally intensive tasks, such as LLM-based plan generation (Sec. @, are offloaded
to a remote machine equipped with two GPUs. Finally, the Teleoperation Station (Sec. @) serves as a platform for (a) collecting demonstrations and (b)
controlling the robot during failures or emergencies. We employed ROS Noetic middleware to integrate the different units (all running in dedicated Docker
containers), connecting them to the TIAGo++’s internal PC (where the roscore is running).

into account joint position and velocity limits and avoiding
self-collisions. This WBC stack is based on the CartesI/O [5]]
framework and the OpenSoT [6] library, which enables
instantaneous control by formulating and solving Quadratic
Programming (QP) problems using atomic entities like Tasks
and Constraints. Cartesl/O automates the setup of OpenSoT
problems via configuration files and provides interfaces for
interacting with tasks and constraints, offering APIs in C++
and Python, and supporting frameworks like ROS.

The control problem consists of three Cartesian tasks,
formulated at the velocity level and arranged in a soft priority
hierarchy: the left and right arm tasks, and the control of
the omni-directional base. In the null-space, a postural task
is employed to stabilize the robot’s self-motions around the
desired nominal configuration. The control of the base is
achieved by modeling the robot as a floating-base system,
constraining the omni-directional motion only on the ground.

We employ an open loop control scheme initialized at the
initial references in generalized coordinates [Q, qf ] €
SE(3)+RY retrieved when the controller is started. At every
control loop, the model is updated with the integrated output
of the QP, namely [VT da] cR+19 a5 well as the postural
task at the secondary priority level. The Cartesian reference
commands are defined using homogeneous poses, T, € R4*4,
A properly computed orientation error, specifically the quater-
nion error, is calculated with respect to the forward kinematics.
This error is then multiplied by a positive definite gain matrix,
Ko €R%%6 and combined with feed-forward Cartesian veloc-
ities, v, € R? for linear motion and w, € R3 for angular mo-
tion. Similar considerations are done for the lower priority pos-
tural task, where the desired posture gz € R'® can be adjusted
during task execution. Collision avoidance is not explicitly
handled in the current implementation; however, it can be nat-
urally incorporated into the WBC formulation, as shown in [[7]].

The WBC scheme is implemented as a ROS node running
at 250 Hz using the Cartesl/O API, with the underlying
optimal control problem solved in approximately 1-2 ms.
The output of this node is retrieved by another node, namely
ros_control_bridge, in charge of dispatching the solution,

meaning sending joint positions commands through a ROS
topic interface as a JointTrajectory message to each
kinematic chain controller, which is part of the ros_control
layer of TIAGo++. Meanwhile, base velocities are sent as
Twist messages to the cmd_vel topic of the base controller.
Separating upper-body joint references from those of the
wheels may introduce challenges in real-time execution and
in maintaining synchronization between upper-body and base
motions. Nevertheless, this approach proved adequate for
tasks executed at moderate velocities.

B. Teleoperation

The teleoperation interface is used both to record
demonstrations (Sec. [[I-D) and as a fallback mode when
the autonomous mode fails. It is designed around two
low-cost master arms (Dynamixel actuators, used passively
as encoders) inspired by the Aloha project [8[], whose
end-effector position (forward kinematics) is computed
with the Pinocchio library [9]. Each of them consists of
seven motors: six control the full pose of the end-effector,
while the seventh commands the opening and closing of the
gripper. This configuration effectively maps the six DOFs
required to perform all necessary motions despite the DOFs
asymmetry [[10]. However, it introduces mismatches between
joint limits of the teleoperation device and the robot and can
reduce the workspace compared to that of the robot.

A gamepad is used to send angular and linear velocity
commands to the mobile base. All the commands are sent to
Cartesl/O through its Python ROS client at 100 Hz.

Three cameras are used: one mounted on each end-effector
(Logitech C930E| and a 3-DOF controllable orientation
camera Insta 360 Link, positioned as the “head”. The video
is streamed over UDP using a GStreamer pipeline that
leverages the on-camera hardware H.264 encoder, resulting in
an end-to-end latency of approximately 30 ——40 ms. Finally,
a Stream Deck X1 |is used to activate standard routines (e.g.,
homing) with the press of hardware buttons.

Practical considerations: The system is designed to run
on minimal hardware with limited software dependencies; a
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Dockerfile and installation instructions are provided in the
repository. During assembly, all motors must be set to zero
before mounting the arm to ensure proper calibration (see sup-
plementary assembly guide). The teleoperation mapping tracks
the master arm orientation, while its position is computed
through an offset, making it independent of the initial control
position. Both wired and wireless setups are supported. Wi-Fi
enables untethered operation but requires a non-congested
frequency band to maintain reliable teleoperation; in practice,
network saturation can increase latency beyond 200 ms, there-
fore an Ethernet connection is recommended in such settings.

C. Object pose estimation

The robot needs to estimate the 6D poses of objects and
key elements in the environment from RGB-D images for ma-
nipulation and navigation. We relied on AprilTag [11] fiducial
markers. Although this approach is a substantial simplification
of the problem, it is a reliable pose estimation module to
integrate in our system, that will be eventually easily replaced
by a 6D-pose estimation module in the future (e.g. [12]]).

Our system relies on two RGB-D cameras (Orbecc Femto
Bolt), different from the cameras used for teleoperation: one
on the left wrist (for low-range detection), and one on top of
the torso (for long-range detection). The tag IDs and the pixel
coordinates of the four corners are extracted from the camera’s
color images using the AprilTag library [13]]. Contrary to clas-
sic tag-based tracking, the tags are identified on the RGB im-
age, but the 3D position and orientation of each marker in the
camera frame are computed using the ordered point cloud from
the camera’s depth (time-of-flight) sensor. Each marker pose
is then calculated and broadcasted on the ROS t £ tree, which
makes it possible to combine it with the forward kinematics of
the robot to express the position in the base frame. In our ex-
periments, this RGB-D approach provided more accurate and
less noisy estimations, particularly for orientation and distance,
than relying solely on AprilTag processing of color images.

D. Teaching object-centric manipulation skills

Many of the considered manipulation tasks (e.g., opening
the dishwasher or the cabinet) require complex end-effector
trajectories that are difficult to program explicitly but can
be effectively reproduced via skill demonstrations. During
teleoperation, we record the end-effector trajectory, gripper
commands, the target object’s AprilTag pose, and the relative
pose between the robot base and the object. In post-processing,
the demonstration is expressed in the object reference frame,
similarly to [14]. During autonomous execution, the object
pose is estimated, the robot base is aligned with the
demonstrated base—object offset, and the trajectory is
transformed into the base frame based on the detected pose
before being replayed. This removes assumptions about
object placement and allows the task to be reproduced under
moderate pose variations. The gripper command is replayed in
synchronization with the end-effector motion, ensuring consis-
tent grasp execution. This approach proved sufficiently robust
while relying on a single high-quality demonstration per task.
An image-based policy learning system [J8] could replace this

pipeline, potentially generalizing to more diverse scenarios,
at the cost of requiring significantly more demonstrations.
Practical considerations: Proprioceptive data, gripper status,
and AprilTag pose are recorded at ~ 100 Hz. Post-processing
includes start/end selection, expressing the trajectory in the
AprilTag frame at the initial time, interpolation at 50 Hz, and
optional temporal scaling. During replay, the end-effector is
first positioned at the starting pose in the current tag frame.

E. Human tracking

To autonomously carry out the handover instruction, we
detect and track the person in the kitchen from the RGB-
D camera stream (torso camera). Our approach involves five
steps: (1) detecting humans, (2) tracking them, (3) estimating
their 2D position in the RGB image, (4) computing the 3D
coordinates using depth, and (5) determining if the persons are
attentive (i.e., are looking at the robot) by checking their head
pose. The closest attentive individual is selected as the han-
dover target and their pose is broadcasted on the ROS t £ tree.

Human detection and pose estimation were performed using
YOLOV3 [15] for bounding box detection and ViTPose [16]
for human pose estimation, following the standard MMDetec-
tion [17] and MMPose [18]] pipeline. For tracking, we utilized
the IoU-based tracker from MMPose with a threshold of 0.3,
running at 10 fps. We filtered detections based on bounding
box size to mitigate latency issues in pose estimation.

We used 6DRepNet [19] to estimate the head’s 6D pose
as a proxy for gaze direction, given its robustness under chal-
lenging conditions compared to gaze estimation methods that
depend on high-resolution eye images and favorable lighting
conditions. Since the model is designed for front-facing
heads, we applied it only when a rough heuristic indicated
that the person was facing the camera. This was determined
by the pixel difference between the detected left-ear and
right-ear keypoints (greater than a threshold of 30 pixels).

F. Navigation

We relied on a basic navigation node that implements a
ROS MoveBaseAction action to move the base at the desired
offset w.r.t. a reference frame (e.g., AprilTag, tracked human)
present in the t £ tree. Together with simple, ad-hoc obstacle
detection using the onboard LiDARSs and target searching pro-
cedures (the robot rotates in place until the desired AprilTag is
detected), this solution proved sufficient in the context of the
coopetition and eliminates the need to build a map of the en-
vironment. In future developments, it would be possible to re-
place this simple solution with state-of-the-art navigation algo-
rithms [20] without modifying the overall system architecture.

G. LLM-based plan generation

In the euROBIN coopetition, at the beginning of each run, a
referee communicates a randomly generated task to the robot.
The robot must interpret the verbal instruction and formulate
a corresponding task execution plan. While structured human
commands can be handled using traditional approaches
like SnipsNLU [21f], the use of LLMs offers a significant
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Fig. 3. LLM-based plan generation overview (cf. Sec. [[I-=G).

advantage in processing more general, unstructured inputs
expressed by a human in natural language. LLMs can infer
well-structured outputs even from ambiguous commands,
deal with synonyms or paraphrases, and their capability
to generate extra textual fields, such as chain-of-thought
reasoning [22] improves interpretability.

We integrate Faster-Whisper [23|] for speech-to-text, passing
transcribed commands to a Llama-3.1-8B-Instruct model [24]]
via a task-specific system prompt and few-shot examples [25]].
Rather than reactive tool-calling, we generate a complete
structured JSON plan that allows the system to validate
the action sequence and preconditions before execution.
The inclusion of a chain-of-thought field serves a dual
purpose: ensuring the plan adheres to task constraints through
step-by-step reasoning [22]], and providing a reasoning trace
that is verbally communicated to the user via Coqui TTS [26]]
to enhance HRI transparency.

Additionally, we use llama-cpp to constrain the LLM
output through grammar-based token sampling [27]. Unlike
standard zero-shot tool usage, this strictly ensures 100%
adherence to the execution schema, preventing hallucinated
arguments or syntax errors common in local, quantized
deployments. This methodology ensures a consistently
parsable JSON output describing the plan (Fig. [3).

Practical considerations on system requirements: Effi-
cient inference requires access to high-performance GPUs. In
our setup, running Faster-Whisper, Llama-3.1-8B-Instruct, and
ljspeech/vits requires approximately 16.1 GB of VRAM. Us-
ing older GPUs or CPU inference leads to significantly slower
response times. Over 50 trials, LLM inference on our GPU had
a median latency of 2.51 s (25th—75th percentile: 2.40-2.65 s).

III. INTEGRATION AND DEPLOYMENT

All the described components were deployed using Docker
containers in the robot laptop (for Cartesl/O, AprilTag
detection, human tracking), the teleoperation station (for
devices management and communication), the Jetson Nano
(for streaming webcams), and the inference machine (for
microphone management, speech-to-text, LLM-plan, and text-
to-speech networks). They communicate using ROS (Noetic).

We relied on the smach library to configure and execute
robot behaviours as Finite-State Machines (FSMs). In partic-
ular, the Cartesl/O Python ROS client sends commands to the
WBC, and the standard ROS actions or services to send goals
to the navigation node, or control the grippers. We employed

two basic types of smach states for motion: way-points (where
the indicated end-effector follows a sequence of target points)
or demo-playback (where the end-effector replicate a demon-
strated trajectory recorded via teleoperation, Sec. [[I-D). In both
cases, the user is able to specify the reference frame in which
the commanded trajectory is expressed, making it immediate
to define motions as offsets from a particular frame of interest
(e.g., AprilTag or tracked human). Such states are the main
building blocks of the a set of sub-FSMs that solve individual
portions of the instruction and that can be assembled to-
gether. Specifically, these are: pick_from_<loc> (object),
place_at_<loc> (object), go_to(loc), and handover
(where loc and object belong to predefined sets). Different
motion specifications (targets, times, demos, etc.) are stored in
a configuration file and labelled following a uniform pattern.

Hence, we employ an “orchestrator” node (running on the
Cartesl/O container) that requests the plan in JSON format
from the LLM (via a ROS service call), and uses it to generate
programmatically (by concatenating sub-FSMs) the correct
FSM and run it to carry out the instruction. Throughout the
coopetition, in case the robot was unable to successfully
complete the assigned task, teleoperation served as a fallback
solution to handle failure cases, with intervention decisions
made by the supervising operator.

IV. DISCUSSION

Our LLM-based plan generation pipeline robustly
understood diverse voice commands from different users
with varying accents, consistently structuring plans correctly
despite phrasing variations. In the competition trials,
command interpretation achieved 7/7 successes, confirming
the reliability of the language-to-plan interface in the tested
scenarios. AprilTag-based navigation achieved 17/18 successes
in the structured setup but required extensive environmental
instrumentation, limiting scalability. In contrast, marker-based
object pose estimation was less robust (1/3 successes) and
struggled with arbitrary object placement and cluttered scenes,
which constrained fully autonomous manipulation. Overall,
manipulation achieved 12/15 successes (10/13 teleoperated,
2/2 autonomous). While teleoperation enabled diverse tasks,
it required significant expertise; improving workspace and
kinematic constraints would enhance usability. We also plan
to implement the teleoperation architecture in C++ to further
enhance performance. Demo-playback proved effective
for performing complex interactions, such as opening a
dishwasher. However, it lacks generalization capabilities,
for example, to different dishwasher types. The existing
demonstration recording pipeline can be leveraged to collect
datasets for training more robust and generic policies based
on diffusion [28] or flow matching [29], which could handle
a wider variety of environments. Upgrading the perception
and navigation modules with state-of-the-art object tracking
approaches [12] therefore represents an essential direction
for future work. LLM-based planning, currently limited to
instruction processing, could be extended to incorporate
execution-time feedback for adaptive re-planning.



Software & Hardware Modules

Links

OpenSoT
CartesI/O
TIAGo Dual Cartesl/O configuration

https://github.
https://github.
https://github.

com/ADVRHumanoids/OpenSoT
com/ADVRHumanoids/CartesianInterface
com/hucebot/tiago_dual_cartesio_config/tree/euRobin_nov24

Teleoperation interface (with CAD files)
StreamDeck controller

https://github.
https://github.

com/hucebot/dxl_6d_input/tree/bimanual-teleoperation
com/hucebot/stream_deck_controller

AprilTags detector
AprilTags generator

https://github.
https://github.

com/hucebot/orbbec_apriltag_ros
com/hucebot/april_tag_generator

Human Tracking

https://github.

com/hucebot/eurobin_human_tracking

LLM-based planner
Faster-Whisper™

https://github.
https://github.

com/hucebot/eurobin_llm _plan
com/SYSTRAN/faster-whisper

llama-cpp™ https://github.com/ggerganov/1llama.cpp
Finite State Machine for CartesI/O https://github.com/hucebot/fsm _cartesio
smach* https://wiki.ros.org/smach

* Third-party software
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