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Abstract

Vision-Language-Action (VLA) models have recently
benefited from large-scale pretraining strategies inspired
by advances in language and vision. However, unlike text
and image domains, robotics remains constrained by lim-
ited embodied interaction data. While community efforts
such as LeRobot community datasets have improved ac-
cessibility and standardization, existing datasets are often
dominated by structurally similar, mostly pick and place
tasks, limiting diversity in motion primitives. In this work,
we investigate the role of motion diversity in scaling com-
munity collected VLA pretraining data. We introduce a
manipulation dataset, called HeteroMotion, comprising 15
tasks across five behavior categories and 1,050 trajectories
designed to expand action space coverage and reasoning
complexity. Through controlled scaling HeteroMotion im-
proves downstream real-world performance compared to
direct fine-tuning or small-scale pretraining. A joint vari-
ance analysis further reveals that HeteroMotion, provides
broader motion coverage across all robot joints relative to
existing community datasets.

1. Introduction

In recent years, there has been growing interest in trans-
ferring techniques across natural language processing and
computer vision through the adoption of large-scale pre-
trained models [16, 36]. These models, trained on vast cor-
pora of text [9], images [34], image-text pairs [36], and au-
dio data [20, 43], have demonstrated strong cross-domain
transfer capabilities [1, 37]. The availability of large, di-
verse datasets has enabled scaling laws to emerge, allow-
ing data-intensive algorithms to achieve remarkable perfor-
mance improvements [16, 22].

In contrast, robotics has not benefited from the same
abundance of large-scale data. The limited availability of
diverse robotic interaction data has created a significant bot-
tleneck for adopting data-intensive approaches that scale
well but require substantial training data [12, 35].

This issue has largely arisen due to the time-consuming

and costly nature of robotic data collection, which primar-
ily relies on humans teleoperating expensive robots. Al-
though it is possible to train a model with only an action
expert [39, 45], recent work typically uses a pretrained
Vision-Language Model (VLM) as the backbone of VLA
systems to leverage large-scale visual and linguistic pre-
training [3, 4, 6, 8, 14, 17, 19, 23, 25, 26, 29, 38]. While
this approach has led to remarkable improvements, prior
work has noted that robotic performance still remains fun-
damentally constrained by the scale and diversity of em-
bodied interaction data available during training [8, 35]. In
other words, while the VLM’s perceptual abilities transfer
effectively, the ability to generalize actions is still limited
by the available robotic training data.

The open-source community has approached the chal-
lenge of obtaining large-scale robotic data through two
primary strategies. The first approach involves multi-
institutional collaborations that collect teleoperated data
across different embodiments. Prominent examples include
Open X-Embodiment (OXE) [35], with more recent efforts
such as DROID [24] and Bridge [15]. These datasets have
powered many recent VLA models; however, they exhibit
three main limitations. First, they are not highly extensi-
ble. After the initial data collection phase, further additions
are rare, leading to the formation of “data islands.” Sec-
ond, they are often not collected through a unified frame-
work, resulting in significant data cleaning, episode filter-
ing, and engineering efforts before they can be effectively
used. This issue is particularly evident in OXE, where prior
works have selected their own subsets [25]. Although newer
datasets such as DROID mitigate some of these concerns,
standardization remains an important consideration for pub-
lic datasets. Third, the cost of entry is high: these datasets
typically rely on expensive robotic platforms (often exceed-
ing $30,000 [2]), which naturally limits broader community
participation.

The second approach focuses on community-driven
datasets, with LeRobot [11] being the most prominent ex-
ample. This approach addresses many of the limitations of
the first strategy. It provides a unified and extensible data
collection framework, supports integration of new robots,
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and remains fully open source. Additionally, it leverages af-
fordable robotic platforms (approximately $300 [10]), sig-
nificantly lowering the barrier to entry for contributors. Pre-
vious work has demonstrated that models trained solely on
community-collected data can achieve competitive perfor-
mance [38].

However, this accessibility introduces its own trade-offs.
First, affordable platforms such as SO101 have a more lim-
ited range of motion compared to higher-end systems [2].
Second, many community-collected datasets consist pri-
marily of simple, short-horizon pick-and-place tasks. While
such tasks are useful for adapting models to new environ-
ments and setups, they do not sufficiently address the fun-
damental issue of motion diversity. As a result, scaling pre-
training on structurally similar tasks may yield diminishing
performance gains [41].

Our work aims to address this second limitation. We
first analytically demonstrate the prevalence of similar tasks
within the existing dataset. We then introduce HeteroMo-
tion, a motion-diverse robotic manipulation dataset that ex-
pands action-space coverage. It includes heterogeneous
motion primitives and interactions beyond simple tasks. Fi-
nally, through real-world experiments, we show that pre-
training on this dataset leads to measurable improvements
compared to models trained without diverse pretraining.

2. Related Work

Recent progress in VLA models [19, 25, 38] has been
closely tied to advances in large-scale robotic data collec-
tion [7, 8]. Existing approaches primarily differ in how data
is gathered, standardized, and shared across institutions and
embodiments [24, 35, 40]. While these efforts have signif-
icantly improved policy learning, they introduce trade-offs
between accessibility, diversity, and extensibility. In this
section, we position our work within these data paradigms
filling the remaining gaps in action-space diversity.

Data Requirements in VLA Training In the recent de-
velopment of VLA models, the general training recipe has
followed the pretraining/post-training paradigm established
in large language and vision models [9, 16, 36]. As a result,
two categories of data are required for this type of train-
ing. The first is large-scale pretraining data, which usu-
ally consists of multiple embodiments performing diverse
tasks across different environments [24, 35]. This helps
the model generalize, recover from mistakes, and adapt to
different embodiments [7]. The second category is high-
quality, task-specific fine-tuning data. Fine-tuning data is
typically embodiment and task specific; therefore, much of
the community effort has focused on creating large pretrain-
ing datasets, or incorporating fine-tuning data into larger
community datasets.

Limitations of Existing Large-Scale VLA Datasets
There are examples of closed-source VLA models where
the training data is not public [18], preventing future work
from leveraging these datasets as part of their pretraining
regimen. However, there are also notable efforts aimed at
gathering large-scale pretraining data. Prominent examples
include OXE [35], DROID [24] , and Bridge [40], all of
which have been repeatedly used in recent work to develop
foundation VLA models. Nevertheless, three main chal-
lenges remain. First, some of the data was not collected us-
ing a unified platform, resulting in inconsistencies in control
frequency and data quality. Consequently, substantial data
engineering is required to extract high-quality pretraining
data. Second, this line of work is not easily extensible, as
it primarily relies on academic-industrial collaborations to
create large-scale datasets, leading to the formation of data
islands [21]. Finally, data collection in these datasets de-
pends on expensive robotic infrastructure, which creates a
barrier to entry for broader community participation.

LeRobot Community Dataset LeRobot aims to address
two of these main challenges. First, it provides an extensi-
ble framework that supports the integration of new datasets
and robotic platforms. Second, it lowers the barrier to entry
by offering support for affordable robots such as SO100,
SO101, and Koch v1.1 [10]. Previous work has demon-
strated that pretraining on the available LeRobot dataset
yields measurable performance improvements [38]. How-
ever, upon closer inspection of the latest version of the
dataset, we find that out of 791 total tasks, approximately
500 correspond to variations of pick-and-place behaviors
that are highly similar in their underlying motion primi-
tives. Our work explicitly aims to address these issues and
propose a path toward higher-quality, community-collected
VLA pretraining data with increased motion diversity.

3. Methodology

Our work directly addresses the limitations of motion ho-
mogeneity in existing community datasets. We introduce a
structured collection of 15 tasks spanning five behavior cat-
egories and, more importantly, through a controlled quan-
titative scaling study, demonstrate that increasing struc-
tured motion diversity in community-collected data leads
to measurable improvements in real-world downstream per-
formance across diverse manipulation settings.

3.1. Dataset

Figure | illustrates HeteroMotion, which consists of 15
tasks grouped into five behavior categories, with three tasks
per category and 50 demonstrations per task.

To increase motion diversity and reasoning complexity
beyond repetitive short-horizon pick-and-place, we design
the following categories:
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. Exclusion Tasks:

Our Setup

-

e.g. Move every non blue object to the bin.

Conditional Manipulation:
e.g. Ifthe object is behind the bowl, pull it
forward; else push it behind the bowl.

Categories and Tasks

Non-Grasp Manipulation:
e.g. Slide the block to the right side of the
table.

\J
r\ﬁ Human Interaction Tasks:
=l e.g. Pick the block and give it to the human.

[N x‘m
M 5
Spatial Arrangement:

e.g. Place the block to the right of the marker.

Figure 1. Overview of the proposed dataset, HeteroMotion, highlighting the robotic platform and five task categories designed to promote

diverse manipulation skills and complex reasoning.

1. Non-Grasp Manipulation: Focuses on actions such as
pushing or sliding that do not involve gripper actuation.

2. Conditional Manipulation: Tasks that require reason-
ing over conditional instructions prior to execution.

3. Human Interaction: Includes direct human-robot in-
teraction scenarios, such as object handover. The robot
must account for human presence and coordinate its mo-
tion accordingly.

4. Spatial Arrangement: Involves arranging objects ac-
cording to specified spatial relationships (e.g., left of,
behind, inside).

5. Exclusion Tasks: This category requires the robot to
deliberately ignore specified objects while manipulating
others.

A complete breakdown of all 15 tasks and their descriptions
is provided in Appendix A (Tab. 2).

These five categories form the primary pretraining
dataset.  Additionally, we provide two supplementary
datasets: (1) 150 autonomously generated, human labeled
trajectories to support reinforcement learning methods such
as HIL-SERL [31], and (2) 150 simple manipulation tra-
jectories from downstream tasks introduced in experiments.
HeteroMotion contains approximately 1,050 manipulation
trajectories for VLA pretraining.

3.2. Training

To validate the effectiveness of HeteroMotion in improving
downstream VLA performance and to study scaling effects,
we trained five model variants fine-tuned on downstream
tasks. These include the original SmolVLA [38] model and

four additional variants of the same model pretrained on
10%, 25%, 50%, and 100% of HeteroMotion.

We ensured that the smaller pretraining subsets were
sampled uniformly and maintained task diversity. Each
variant was then fine-tuned for three downstream tasks: (1)
pick-and-place, (2) sorting, and (3) stacking. All mod-
els were trained for a proportional number of steps, cor-
responding to an equal number of epochs, followed by
20k steps for task adaptation. We used the LeRobot train-
ing framework [1 1], initializing from lerobot/smolvia_base.
During training, only the action expert was trained while the
backbone VLM remained frozen.

The action expert models the distribution p(A:|o;)
where Ay corresponds to an action chunk [45] for H actions
and hence A; = [a;,a;41,...,a.+m-1]. Our observation
on the other hand is oy = [I1, I, l¢, q¢] where [; correspond
to the language prompt, g4 to the robot’s joints and I; and
I, correspond to top and side camera respectively. We used
the following flow matching loss, introduced in [27, 30] and
later adopted in [5]:

L7(0) = Ep(a,jor).q(a7 a0 [Va(AT, 0,) — u(A][A)]]?

where the subscripts correspond to trajectory timesteps
(t) and the superscripts correspond to the flow-matching
timesteps (7). The network works by sampling an € ~
N(0,1), computing the noisy actions A7 = 7A;+(1—7)e,
and then training vo(AJ, o;) to match the denoising vector
field u(AI|At) = At — €.

All experiments were conducted on a single A100 GPU.
Training required approximately one hour per 5k steps, to-
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taling roughly 100 GPU hours for the project.

4. Evaluation and Results

All experiments were performed on the SO101 robotic arm
platform. The system utilized two RGB cameras: a top-
down camera for global scene observation and a side-view
camera to capture interaction dynamics. Both cameras op-
erated at a resolution of 640 x 480 pixels. This dual-view
configuration provides complementary spatial perspectives,
enhancing manipulation robustness and mitigating errors
caused by occlusions. Experiments were conducted on
a Jetson Orin Nano (8GB) [33], an Ampere-based edge
Al device with CUDA and Tensor Core acceleration, en-
abling GPU-accelerated inference in a compact and energy-
efficient form factor suitable for robotics applications.

4.1. Experiment Design and Evaluation Protocol

We evaluate our method on three commonly used down-
stream manipulation tasks, following [28, 38]: pick-and-
place, sorting, and stacking. These tasks are particularly
suitable because they are prevalent in SmolVLA’s pretrain-
ing data. Improvements on them therefore reflect stronger
underlying learning, rather than gains from introducing en-
tirely new tasks absent from pretraining.

Performance was assessed using task-specific scoring
schemes designed to capture partial and complete task exe-
cution. For the pick-and-place tasks, we employed a three-
level scoring system 0, 0.5, 1, corresponding respectively to
task failure, successful grasping of the cube without place-
ment, and successful grasping followed by correct place-
ment into the designated cup. The stacking tasks, defined
as grasping one cube and placing it on top of another, were
evaluated using the same discrete scale: O indicates failure
to grasp, 0.5 indicates successful grasp without successful
stacking, and 1 denotes complete execution of the stacking
behavior. The sorting tasks, which require placing cubes
of different colors into their assigned cups, were evaluated
using a four-level scale 0.25, 0.5, 0.75, 1 to capture progres-
sive task completion: grasping the first cube (0.25), correct
placement of the first cube (0.5), correct placement of the
first cube followed by grasping the second cube (0.75), and
successful placement of both cubes (1). Each task was ex-
ecuted twice per configuration. Final task scores were ag-
gregated across 10 repetitions and normalized by a factor of
ten to yield the reported success rates.

4.2. Real World Experimental Results

Table | summarizes the real-world in-distribution perfor-
mance across our downstream tasks. The base model cor-
responds to SmolVLA fine-tuned on each downstream task
without any pretraining on our proposed dataset. In con-
trast, the remaining variants were first pretrained on 10%,
25%, 50%, or 100% of HeteroMotion and then fine-tuned

Table 1. Results of real-world robotic manipulation experiments.
The percentages denote the fraction of fine-tuning data employed.

Model Configuration Task Success Rate (%)

Pick and Place Stacking Sorting Average

SmolVLA (0% Pre-trained) 30.0 20.0 2.5 17.50
SmolVLA (10% Pre-trained) 35.0 15.0 0.0 16.67
SmolVLA (25% Pre-trained) 45.0 2.0 5.0 17.33
SmolVLA (50% Pre-trained) 50.0 25.0 12.5 29.17
SmolVLA (100% Pre-trained) 45.0 30.0 15.0 30.00

w
a

30

w
(=]

N
3

o
=)

17.5 17.33

= e
o o

Average Success Rate (%)
o

0% Pre-trained 25% Pre-trained 100% Pre-trained

Figure 2. Average success rate across down-steram tasks. Error
bars denote 95% confidence intervals.

on the downstream tasks under identical training conditions.
Figure 2 presents the average task success rate across the
three representative configurations with 95% confidence in-
tervals. The results show that pretraining on HeteroMotion
yields a clear improvement over direct fine-tuning, with the
100% pretrained model achieving a substantial performance
gain compared to both the 0% and 25% variants.

Notably, smaller pretraining subsets (e.g., 10% and 25%)
provide limited or inconsistent improvements over the base
model, which is in line with previous findings that pretrain-
ing must surpass a certain threshold before yielding notice-
able performance gains [42]. The 50% and especially the
100% pretraining variants show more pronounced improve-
ments, indicating that meaningful benefits arise when suffi-
cient data is incorporated.

The observed performance gains can be attributed to the
exposure of the model during pretraining to a broader range
of motions and task complexities. This broader exposure
increases coverage of target distribution, rather than simply
increasing sample density within a restricted subset of the
action space. Domain adaptation results show that the ex-
pected target error € p(h) can be bounded as:

€Ep (h) < €Q(h) + diSC(Q, P) + A

where ¢eg(h) denotes the source (pretraining) error,
disc(@, P) measures the divergence between the source and
target distributions, and A captures the irreducible joint er-
ror [13, 32]. Importantly, reducing eg(h) by scaling data
within a narrow region does not reduce the divergence term
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Lerobot Community Dataset Sample Tasks

Shoulder pan

Shoulder lift|

Elbow flex

Wrist flex|

Wrist roll

Gripper

0% 25% 50%

Episode Progress

(a) Lerobot Community Dataset

High

HeteroMotion

High
Shoulder pan

Shoulder lift

Elbow flex

Wrist flex|

Wrist roll|

Gripper

0% 50%

Episode Progress

(b) HeteroMotion

Figure 3. Comparison between the variance of Lerobot Community dataset and our proposed dataset, HeteroMotion.

disc(Q, P) if substantial portions of the target support re-
main uncovered. In contrast, expanding pretraining cover-
age reduces this distributional discrepancy. Our results are
therefore consistent with improved support coverage during
pretraining, rather than gains arising solely from increased
data volume within a limited portion of the action space.

4.3. Joint Variance Analysis

To demonstrate the presence of motion diversity in Hetero-
Motion, we analyzed the variance across the six joints of
the SO101. We compared samples from HeteroMotion to a
merged subset of three different datasets from the LeRobot
Community dataset, ensuring that they represented distinct
tasks. This variance analysis is important, as prior work
has suggested that low-variance regions may lack the ex-
ploratory coverage necessary for model generalization [44].

As shown in Figure 3a, the existing community dataset
exhibits reasonable variance along the first three joints. This
aligns with our observation of the task distribution: most
pick-and-place tasks involve lifting the arm (primarily mov-
ing the shoulder lift and elbow flex joints), rotating toward
the object (shoulder pan), and then moving toward a bin to
place the item. The prevalence of pick-and-place behaviors
is reflected in Figure 3a, where the high-variance regions
showcase this movement. For example, the shoulder pan
joint shows two distinct high-variance regions: one during
rotation toward the object and another during rotation back
toward the bin, with relatively constant motion in between.

In contrast, HeteroMotion dataset, shown in Figure 3b,
exhibits sustained and more evenly distributed variance
throughout the entire episode. Notably, it captures signif-
icantly greater diversity in wrist flex and wrist roll, while
also maintaining variability across all joints. This broader
distribution of motion better reflects diverse manipulation
skills and supports our claim that increasing motion diver-
sity is critical for scaling community-collected VLA pre-
training data.

5. Conculsion

In this work, we investigated the motion diversity present
in the LeRobot community dataset. Through a systematic

analysis of task descriptions, we observed a strong concen-
tration of pick-and-place tasks, suggesting limited diversity
in motion patterns. We further examined this through a
joint variance analysis, which further suggested that Het-
eroMotion dataset is dominated by a narrow set of motion
primitives. To address this limitation, we collected a struc-
tured dataset spanning five behavior categories, comprising
15 tasks and over 1,050 trajectories. To evaluate the im-
pact of increased motion diversity, we conducted real-world
experiments using the baseline SmolVLA model alongside
variants pretrained on different portions of our dataset. The
results demonstrate clear performance improvements when
larger scale pretraining is present.

Overall, our findings suggest that community-collected
datasets would benefit from more intentional guidance to-
ward complex and physically diverse tasks. Rather than fo-
cusing primarily on scaling the number of similar demon-
strations, future data collection efforts should prioritize
tasks that expand motion patterns, interaction complexity,
and reasoning requirements. Encouraging contributors to
record more compositionally and physically varied behav-
iors may provide a more effective path toward scalable and
robust VLA models.
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Appendix

A. Additional Dataset Details

Table 2. Overview of the 15 manipulation tasks by category.

Category

Task

Description

Conditional Manipulation

« If the block is near the sides,
move it inward; else move it
toward the sides.

« If the object is closer to the bin
than the box, move it to the box;
else move it to the bin.

» If the object is behind the bowl,
pull it forward; else push it behind
the bowl

* Requires conditional decision-making based on spatial proximity to table
boundaries.

« Involves comparative spatial reasoning between two target containers.

« Tests relational spatial understanding based on a reference object.

Spatial Arrangement

* Place the marker between two
blocks

* Arrange blocks in a straight
horizontal line

* Place the block to the right of the
marker

« Evaluates precise spatial placement within a constrained configuration.

* Requires structured alignment across multiple objects.

 Assesses directional spatial reasoning relative to a fixed reference.

Non-Grasp Manipulation

* Slide the block to the right side of
the table

¢ Push the block into the marked
region

* Push the block until it touches the
box

« Tests non-prehensile manipulation without lifting or grasping.

* Requires accurate planar control to move the object into a predefined
region.

 Evaluates contact-aware motion execution and physical interaction.

Exclusion Tasks

* Put all blocks except the red one
into the bin

* Move everything except the block
to

* Move every non blue object to the
bin

* Tests selective reasoning by filtering objects by attribute.

* Requires identifying and preserving a designated object while relocating
others.

* Evaluates attribute-based filtering and selective object transfer.

Human Interaction Tasks

* Pick the block and give it to the
human

* Take the block from the human
hand and put it into the bin

* Pick the cracker and give it to the
human

 Assesses coordinated grasping and safe object handover.

* Requires bidirectional human-robot interaction and placement.

* Evaluates safe manipulation of fragile objects during interaction.
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