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Abstract. The application of Vision-Language-Action (VLA) models
to robotic manipulation in RoboCup@Home competitions faces the bot-
tleneck of intensive data requirements of real-world teleoperation tasks.
This work introduces HomeArena, a simulation framework that was de-
signed to generate large-scale synthetic datasets for fine-tuning VLA
models on object picking and articulated object manipulation. To ad-
dress the challenge of generalization, PoseCondVLA was proposed as a
method that concatenates the position and quaternion rotation vectors
of the target object into the pretrained VLA policies. Simulated experi-
mental results demonstrate that while standard VLA baselines struggle
with spatial variations, PoseCondVLA improves success rates up to 90%
and 78% in randomized pose settings for scenarios where baseline fails.
Our findings validate the use of synthetic data for VLA post-training
and offer a scalable path for sim-to-real deployment in service robotics.

Keywords: Vision-language-action model · Robotic manipulation · Im-
itation learning · Robot learning.

1 Introduction

RoboCup@Home is the largest international annual competition for autonomous
service robots, focusing on developing service and assistive robot technology for
future domestic applications [1]. A core challenge in the league is mobile ma-
nipulation, where robots use a software framework to autonomously detect and
interact with various household objects and furniture [2]. However, applying
state-of-the-art methods for learning manipulation policies faces a data bottle-
neck due to the time spent manually collecting teleoperated data for each new
environment and task. This challenge is difficult because the ability to manipu-
late articulated objects, such as drawers, doors, and household devices, is highly
relevant for various tasks performed during competitions.
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To address this, applying methods like MimicGen [3] for automated demon-
stration generation has the potential to reduce the time spent collecting data
with the real robot. However, it requires simulated environments that are faith-
ful to the robot’s real environment to reduce the Sim2Real gap between the
data used to train the model and the data the model will encounter during
inference [4, 5].

Parallel to these developments, in recent years, there has been a growing
interest in applying Large Language Models (LLMs) and their multimodal vari-
ants, Vision-Language Models (VLMs), in the field of robotic learning [6]. In the
past, these models were limited to text tokens as their primary output modality,
being unable to generate high-dimensional continuous actions that are necessary
for end-to-end robotic control, such as commanding the end-effector pose of a
robotic arm. This gap has been bridged by a new category of models known as
Vision-Language-Action (VLA) models. VLAs extend vision-language models to
generate robotic arm control actions, typically through supervised fine-tuning
on datasets of trajectories collected via teleoperation [7, 8].

The relative scarcity of robotic data composed of action trajectories collected
by an expert, compared to the wide availability of datasets for vision and lan-
guage modalities, creates an opportunity to develop tools that use simulated data
to ease the requirements for real data introduced by VLA models. Associated
with this factor, the availability of pre-existing public datasets with articulated
3D models of various domestically relevant categories, such as PartNet Mobil-
ity [9] and ArtVIP [10], enables the use of these asset repositories as a data
source for training VLA models for articulated object manipulation.

The two main contributions of the work are as follows:

– HomeArena: A simulation framework for generating large-scale datasets
for supervised fine-tuning of VLA models in service robotics, more specific
for object picking and articulated object manipulation tasks.

– PoseCondVLA: A simple but effective method for injecting object-centric
pose observations into a pretrained VLA policy. We demonstrate that this
approach improves the policy’s capability to learn from and generalize to
novel object poses in the workspace of the robotic arm.

Ultimately, the work is divided into the following sections: Section 2 presents
the related works in the area. Section 3 describes the methodology applied.
Section 4 shows the collected results. Section 5 discusses the results. Finally,
Section 6 draws conclusions and suggests future work.

2 Related Work

Several works have studied articulated object manipulation using more special-
ized models rather than VLAs. In ArticuBot [11], the development of a generalist
policy for manipulation of any type of articulated object was studied. This work
resembles ours by using trajectories generated in simulation as a data source
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for training. However, ArticuBot differs by using 3D point clouds as network
observation, instead of using monocular RGB images.

YOEO [12] demonstrates that the training of a real-time perception model
specialized for estimating the kinematic parameters of the joints that describes
a given articulated model. In comparison with our work, it uses datasets of 3D
models of articulated objects as a training data source, but differs by training
a 3D perception model, instead of an action-generating policy, and by using
point clouds as the network’s input modality, rather than only monocular RGB
images.

A3VLM [13] already investigates the training of an articulated object per-
ception model based on a vision-language model as a base. It resembles our work
by also using datasets of 3D models of articulated objects as a data source, and
by using RGB images as the input modality, but differs by being a perception
model, and not an action-generating policy.

SAGE [14] presents a modular generalist framework for language-conditioned
manipulation of any type of articulated object. While it shares our foundation in
vision-language models, it differs from us by employing a modular architecture.
Its approach to action generation through the usage of smaller expert models
in combination with the vision-language model in order to ground language
instructions to general part affordances, which makes the usage of a classical
motion planner for generating trajectories. Furthermore, SAGE relies on the
depth information of RGB-D observations, where our work uses only monocular
RGB images.

Kinematics-aware Prompting [15] introduces the framework that enables pre-
trained LLMs and VLMs to generate low-level action trajectories for manipulat-
ing articulated objects through prompting. It resembles our work by generating
the low-level executable action trajectories required for manipulating objects
with a robotic arm. It diverges from our work by relying on a model with tex-
tual kinematic description of the articulated object. In contrast, our approach
learns to generate these trajectories from demonstration data, removing the need
for manual description of the object’s structure during the training.

Cart [16] studies the training of a neural-network model for applying move-
ments to the point clouds of articulated objects, given language instructions. It
resembles our work by also studying articulated object manipulation conditioned
on language commands, but differs from our work by training a model to predict
the part-level motion of the articulated object point cloud, instead of training a
model to predict the action trajectory of the robotic arm in order to manipulate
the same object.

Mittal et al [17] studies a classical planning-based system for mobile manip-
ulation of articulated objects. It resembles our work by also studying how to
open doors and drawers with a robotic manipulator, but differs from our work
by employing a classical pipeline instead of an end-to-end learned model.

ControlVLA [18] leverages a ControlNet style architecture in order to inject
object-centric representations into a pretrained VLA policy during finetuning. It
resembles our work by studying how to inject object-centric representations into
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a pretrained VLA model in order to improve generalization, but differs from our
work by leveraging a more complex ControlNet inspired technique for injecting
the object-centric features into the VLA, as well as by using a learned extractor
for acquiring object-centric features from monocular RGB, instead of directly
leveraging target object pose as an object-centric feature itself.

Contact-Anchored Policies [19] trains a modular skill library of visuomo-
tor manipulation policies conditioned on contact points in euclidean space. It
shares some similarities with our work by conditioning visuo-motor policies on
3D information relevant to each task, but differs from our work by implementing
contact point conditioning upon smaller scale single-task expert policies, instead
of leveraging a pretrained VLA model.

The related works presented so far provide evidence of a research gap in the
state-of-the-art of articulated object manipulation research: while several meth-
ods have been proposed so far in order to tackle articulated object manipulation
tasks, most of these methods are either modular pipelines, or leverage point
cloud sensor readings as the primary modality, or both. The lack of end-to-end
vision language action models specifically trained for articulated object manip-
ulation tasks highlights the need for more evaluation benchmarks and imitation
learning datasets developed specifically for this particular problem.

3 Methodology

A set of simulated environments, shown in Fig. 1 was developed using the Isaa-
cLab Arena framework [20] to train relevant skills for @Home category domestic
robots: opening a cabinet drawer, opening a microwave door, and picking up a
subset of the objects from the YCB [21] object set. The simulation was developed
using 3D assets describing the kinematic structure of a fixed base manipulator
robot, the UFactory xArm6 model with 6 degrees-of-freedom. Assets of the rigid
and articulated objects, as well as the background, were sourced from the exist-
ing IsaacLab Arena and IsaacSim assets.

The following simulation tasks were developed for collecting training data:

– Pick Tomato Soup Can: the robot must grasp a tomato soup can placed
on a countertop in front of it and lift it by at least 20 cm.

– Pick Mustard Bottle: the robot must grasp a mustard bottle placed on a
countertop in front of it and lift it by at least 20 cm.

– Pick Sugar Box: the robot must grasp a sugar box placed on a countertop
in front of it and lift it by at least 20 cm.

– Pick Cracker Box: the robot must grasp a cracker box placed on a coun-
tertop in front of it and lift it by at least 20 cm.

– Open Cabinet Drawer: the robot must grasp the handle of a cabinet
drawer placed in front of it and pull it along the cabinet joint axis in order
to open the drawer by at least 20 cm.

– Open Microwave Door: the robot must grasp the handle of a microwave
door placed in front of it and pull it along the joint axis of the door in order
to open it by at least 15%.
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(a) Open Cabinet Drawer (b) Pick Cracker Box (c) Open Microwave Door

(d) Pick Mustard Bottle (e) Pick Tomato Soup Can (f) Pick Sugar Box

Fig. 1: Manipulation tasks in a simulated kitchen environment.

The following fields were used as part of the observation space:

– Top Camera: a monocular RGB camera mounted in a fixed pose relative to
the base link of the robotic arm, facing forward with a downward inclination
of 45 degrees. The camera has a resolution of 256x256 pixels.

– Wrist Camera: a monocular RGB camera mounted on the gripper link of
the robotic arm. The camera has a resolution of 256x256 pixels.

– Proprioceptive State: the end-effector position and end-effector rotation
as quaternion vectors, concatenated with the joint state of the active gripper
joint.

For the action space, the relative delta of the position and orientation of the
end-effector was used as target for an inverse kinematics controller, while the
gripper was controlled with a binary open/close action.

In order to collect demonstration trajectories, scripted oracle policies were
developed for the mentioned tasks. For object pick-up tasks, the oracle policy
uses the cuRobo [22] motion planning library to plan a grasping trajectory given
a set of grasp poses previously sampled from the mesh of the object. At each
motion planning attempt, the grasp pose with the smaller euclidean distance in
position to the robotic arm end effector pose is selected and, in case of motion
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planning failure due to collision or kinematic constraints, the next closest grasp
pose is selected.

For the drawer opening task, the oracle policy plans a grasping motion using
a manually annotated grasp pose on the handle of the cabinet drawer. After
grasping the handle, the policy uses a screw motion to move in a linear path
along the axis of the drawer’s joint in order to open it.

For the microwave door opening task, the oracle policy plans a grasping
motion to a manually annotated grasp pose on the handle of the microwave
door and then moves in an arc around the joint axis of the door while keeping
the end effector orientation constant.

After the datasets were collected, fine-tuning experiments were conducted on
models available in the LeRobot [23] robotic imitation learning library. In this
stage, experiments were performed with the following models:

– SmolVLA [24]: A state-of-the-art vision-language-action model, with ac-
tion generation via flow matching and pre-training on a large-scale dataset
collected by the LeRobot library user community. The batch size used for
training was 64, and 20,000 gradient descent steps were used during training,
with the wrist and top camera images resized to a width and height of 256
pixels. Moreover, all default training hyperparameters from the library were
used, without manual tuning.

– SmolVLA-NoPretrain [24]: A variant of SmolVLA without pretraining
on the large-scale LeRobot community dataset. We train this variant in order
to isolate the impact of the LeRobot pretraining dataset on the success rate
of our finetuned models.

– PoseCondVLA: Our proposed method for improved object pose general-
ization, which consists of concatenating the position and quaternion rotation
vectors of the target object with the proprioceptive state vector of the end-
effector of the robotic arm before projecting those into the token embedding
space of the finetuned SmolVLA model. This contribution is illustrated in
Fig. 2.

Evaluation was then performed by running the models 50 consecutive times
in each environment, and the success rate over the 50 attempts was reported.
We executed two different experiments that aim to answer the following research
questions:

– Q1: Does cross-embodiment pretraining improve the success rate
in our proposed simulation environments? To answer this question, we
execute training experiments with both a base vision-language-action model
pretrained with large-scale real-world data from a different embodiment than
our robot (SO-100 vs xArm6) and the same model architecture without the
large-scale cross-embodiment pretraining. During those experiments, we col-
lect 50 demonstrations per environment for all six aforementioned environ-
ments, with no randomization in the pose of the objects.
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Fig. 2: SmolVLA Architecture. Our contribution (PoseCondVLA) is highlighted
in orange.

– Q2: Does PoseCondVLA improve the success rate and generaliza-
tion in one of our simulated environments when the target ob-
ject pose is randomized during data generation and inference? To
answer this question, we execute finetuning experiments with both a pre-
trained vision-language-action model baseline and our proposed PoseCond-
VLA method instantiated on top of the same vision-language-action model.
During those experiments, we collect 1,000 demonstration trajectories for
the PickMustardBottle task in our benchmark, while randomizing the target
bottle position on the table in a 0.4m × 0.4m area around the initial pose.
To evaluate zero-shot generalization to unseen object categories, we addi-
tionally evaluate the trained model on the PickSugarBox task without any
further training.

All fine-tuning experiments start from the same pretrained SmolVLA base
weights. Q1 and Q2 are independent runs and share no fine-tuning gradients.
In particular, the PoseCondVLA model evaluated in Q2 has never seen the
sugar box during its own fine-tuning, making PickSugarBoxPoseRand a zero-
shot evaluation on an unseen object category.

4 Results

Table 1 contains the results obtained from the experiments conducted in the
previously described multi-task setting with the goal of answering Q1. As can
be observed, the model without pre-training achieves parity with the model
pre-trained on the LeRobot SO-100 dataset on 3/6 tasks, but fails to achieve
any success in the PickTomatoSoupCan and OpenMicrowaveDoor tasks. The
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model with pretraining achieves a perfect success rate on the PickMustardBottle,
PickSugarBox and PickCrackerBox tasks, while also achieving a considerable
success rate in the PickTomatoSoupCan and OpenMicrowaveDoor tasks. Both
models fail to achieve any success on the OpenCabinetDrawer task.

Table 1: Multitask success rate with no pose randomization
Task SmolVLA SmolVLA-NoPretrain

PickTomatoSoupCan 64% 0%
PickMustardBottle 100% 100%
PickSugarBox 100% 100%
PickCrackerBox 100% 100%
OpenCabinetDrawer 0% 0%
OpenMicrowaveDoor 84% 0%

Table 2 contains the results of the experiments executed in the pose gener-
alization setting in order to answer Q2. As it can be observed, the SmolVLA
model trained with the proposed PoseCondVLA method not only achieves a sig-
nificantly higher success rate on the trained PickMustardBottlePoseRand task,
but also generalizes with non-trivial success rate to the PickSugarBoxPoseRand
task. On the other hand, the model trained without pose conditioning fails to
achieve any successful execution on both tasks.

Table 2: Pose generalization success rate
Task SmolVLA-PoseCond SmolVLA

PickMustardBottlePoseRand 90% 0%
PickSugarBoxPoseRand 78% 0%

5 Discussion

The improved success rate of the SmolVLA model with large-scale manipulation
data pretraining suggests that the pretraining of SmolVLA on the LeRobot
community dataset might allow the model to learn some object manipulation
related features that seem to be enough related to the novel embodiment that it
allows for more sample-efficient learning than the same baseline model trained
from scratch.

The complete failure on OpenCabinetDrawer, for both pretrained and non-
pretrained variants, is the most informative negative result, particularly in con-
trast with the 84% success on OpenMicrowaveDoor. Plausible contributing fac-
tors include the prismatic joint’s tighter tolerance to end-effector drift relative to
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the microwave’s revolute joint, the underrepresentation of sustained linear-pull
trajectories in the pretraining dataset, and the fact that 50 demonstrations may
simply be below the threshold for contact-rich tasks of this type. Prior work on
imitation learning for articulated manipulation uses hundreds to thousands of
trajectories per task. Further analysis on these factors would require an ablation
experiment on the drawer task alone, which we leave to future work.

For the pose generalization experiments, the baseline model collapse indicates
that, at this level of pose variability, the visual and proprioceptive inputs alone
are not sufficient for the fine-tuning dataset to ground the action distribution to
the object’s spatial location.

Concatenating the object’s position and quaternion into the state vector
closes this gap. The transfer to the sugar box is particularly informative: be-
cause the Q2 fine-tuning run is independent of Q1 and uses only mustard-bottle
demonstrations, the sugar box is an object category unseen during this network’s
fine-tuning. The 78% success rate under both pose randomization and category
shift suggests that this simple, architecturally cheap form of state augmentation
is sufficient to unlock pose generalization that the baseline fails to learn from
pixels alone.

The most important caveat is that PoseCondVLA uses privileged ground-
truth object pose provided by the simulator. For deployment on a physical robot,
this signal must be supplied by a perception pipeline whose error will degrade the
policy in a manner we have not yet characterized. Integrating an open-vocabulary
6D pose estimator into the inference loop, and measuring the resulting success
rate as a function of estimator error, is the natural next experiment.

6 Conclusion and Future Work

This work presents HomeArena, a synthetic data generation tool for finetuning
VLA models on articulated and rigid object manipulation tasks relevant for
the RoboCup@Home competition. Finetuning experiments in simulation confirm
the validity of the generated training data for object pickup, door and drawer
opening tasks, but results remain mostly limited to simulation. Further work will
explore sim-to-real transfer of the learned VLA policies into a physical xArm6
robot arm.

The proposed PoseCondVLA method significantly improves generalization to
novel object poses, but we acknowledge effective sim-to-real transfer will require a
separate perception pipeline for the estimation of object poses relative to the base
frame of the robotic arm. Our future work will integrate pretrained foundation
models for open-vocabulary perception into the inference pipeline of the VLA
model, aiming for effective sim-to-real transfer of the finetuned policies.
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