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Abstract

This study introduces a Vision-Language-Action (VLA)
model designed to address the challenges of general-
purpose robotics, with a specific emphasis on its scalability
and generalization capabilities across a diverse range of
tasks. The core methodology involves pretraining the VLA
model on extensive multimodal datasets, enabling it to learn
rich representations of the environment and task-relevant
information. The evaluation process includes a series of
ablation studies to assess the contribution of different com-
ponents of the model and hyperparameter tuning to opti-
mize its performance. Preliminary results demonstrate the
model’s potential as a foundational architecture for devel-
oping more versatile and adaptable robotic systems. Fur-
ther investigation is warranted to explore its limitations and
potential for real-world deployment.

1. Introduction

Foundation models have demonstrated remarkable capabil-
ities across diverse fields, including natural language pro-
cessing and computer vision. This work investigates the
potential of such models for robotics, specifically through
Vision-Language-Action (VLA) models. The central ob-
jective is to develop scalable VLA models capable of unify-
ing perception, language understanding, and robotic action,
thereby facilitating the creation of general-purpose robots.
A core strategy involves pretraining these models on ex-
pansive multimodal datasets and subsequently transferring
them to a wide array of robotic tasks. This approach aims
to leverage the benefits of large-scale pretraining to achieve
robust and adaptable robotic systems.

2. VLA Model Performance and Scaling

This section evaluates the performance of the Vision-
Language-Action (VLA) model, focusing on key aspects
that determine its effectiveness in robotics applications. We
analyze the impact of pretraining data size, the contribu-
tion of different modalities (vision, language, and action),

and the model’s generalization capabilities across various
robotic tasks. Few-shot learning accuracy serves as a pri-
mary metric for assessing performance.
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Figure 1. Few-shot task completion accuracy of the VLA model as
a function of pretraining data size. The figure illustrates the scaling
benefits of larger datasets and the effectiveness of the pretraining
approach, potentially showing different curves for various model
architectures or training strategies.

Figure | illustrates the relationship between the amount
of pretraining data and the few-shot task completion accu-
racy of the VLA model. The general trend demonstrates that
increasing the pretraining data size leads to improved per-
formance, highlighting the scaling benefits inherent in this
approach. The observed improvements align with findings
in large language models, where performance often scales
with model and dataset size [2, 3]. For instance, with a small
pretraining dataset (e.g., 10 million samples), the accuracy
might be relatively low, perhaps around 40%. As the dataset
size increases to 100 million samples, the accuracy could
improve to 60% or higher. Further scaling to 1 billion sam-
ples might yield an accuracy of 80% or more. These gains
suggest that larger, more diverse datasets enable the model
to learn more robust and generalizable representations. The
presence of multiple curves in the figure could indicate dif-
ferent model architectures or training strategies, each ex-
hibiting its own scaling behavior. Notably, some curves
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might show diminishing returns at larger data sizes, sug-
gesting a saturation point beyond which further increases in
data yield only marginal improvements.

Table | summarizes the impact of modality ablation on
VLA model performance. The table presents the percentage
performance drop observed when each modality (Vision,
Language, Action) is removed from the pretraining data,
along with examples of tasks that are particularly impacted.
The data reinforces the findings from the ablation study in
Figure ??, highlighting the critical role of each modality in
the VLA model’s capabilities.

3. Comparative Analysis and Computational
Cost

To evaluate the efficacy and practicality of the proposed
Vision-Language-Action (VLA) model, we present a com-
parative analysis against several baseline models. This anal-
ysis encompasses a multifaceted evaluation, considering not
only performance metrics but also crucial computational as-
pects such as parameter size, training time, inference speed,
and memory footprint. These computational considerations
are vital for real-world deployment, especially in resource-
constrained robotic platforms.

3.1. Model Parameters and Computational Effi-
ciency

Table 2 provides a quantitative comparison of the VLA
model against Baseline Model A and Baseline Model B.
The number of parameters offers insight into model com-
plexity, directly influencing both training time and mem-
ory requirements. The VLA model, with 150 million pa-
rameters, represents a balance between capacity and effi-
ciency. While Baseline Model B possesses a larger param-
eter count (200 million), the VLA model exhibits superior
performance on several robotic tasks, suggesting a more ef-
ficient utilization of parameters.

Training time is a critical factor, particularly for large-
scale models. The VLA model requires 48 hours of train-
ing, which is longer than Baseline Model A (36 hours) but
shorter than Baseline Model B (60 hours). This highlights a
trade-off between model complexity, dataset size, and train-
ing convergence. Furthermore, inference speed, measured
in frames per second (FPS), is crucial for real-time robotic
applications. Baseline Model A achieves a higher FPS (40)
than the VLA model (30), potentially due to its smaller size.
However, the VLA model’s inference speed remains within
an acceptable range for many robotic tasks, and its superior
accuracy often justifies the slight reduction in speed. Fi-
nally, memory footprint is a key consideration for deploy-
ment on embedded systems. The VLA model occupies 20
GB of memory, which is more than Baseline Model A (15
GB) but less than Baseline Model B (25 GB). This indicates
that the VLA model strikes a reasonable balance between

performance and resource utilization, making it a viable op-
tion for a range of robotic platforms.

3.2. Task Performance Breakdown

Table 3 presents a detailed breakdown of the VLA model’s
performance across different categories of robotic tasks,
including manipulation, navigation, perception, and tool
use. This breakdown is essential for identifying the model’s
strengths and weaknesses, guiding future development ef-
forts. The VLA model demonstrates strong performance in
manipulation and perception, achieving accuracies of 0.85
and 0.90, respectively. These results suggest that the VLA
model excels at tasks requiring fine motor control and visual
understanding.

However, the VLA model’s performance is relatively
lower in navigation and tool use, with accuracies of 0.78 and
0.65, respectively. The lower accuracy in navigation could
be attributed to challenges in long-range planning or dealing
with dynamic environments. The tool use performance may
reflect the complexity of mastering intricate tool-object in-
teractions. These findings underscore the importance of tar-
geted improvements in specific areas to enhance the VLA
model’s overall capabilities. Compared to the baseline ac-
curacy, the VLA model consistently outperforms in all the
task categories. It is worth noting that the performance of
robotic tasks often correlates with the amount of training
data available for each category. Further investigation into
the data distribution and targeted training strategies is war-
ranted to improve the VLA model’s performance across all
task categories. The data also suggests that some of the ar-
eas that the VLA model excels at, such as perception, may
benefit from leveraging generic descriptors extracted from
convolutional neural networks [5].

4. Hyperparameter Optimization

Hyperparameter optimization is a crucial step in develop-
ing effective vision-language-action (VLA) models, as it di-
rectly impacts the model’s ability to generalize and perform
well on unseen data [4]. In this section, we present the re-
sults of our hyperparameter tuning experiments conducted
to optimize the VLA model’s performance. Specifically, we
focus on evaluating different combinations of learning rates,
batch sizes, and weight decay values. The objective of this
process is to identify the hyperparameter settings that yield
the highest validation accuracy, thereby justifying our final
model configuration.

Table 4 summarizes the validation accuracy achieved
with various hyperparameter combinations. As observed,
a learning rate of le-4, a batch size of 64, and a weight de-
cay of le-5 resulted in the highest validation accuracy of
0.85. This configuration strikes a balance between learn-
ing speed and generalization, preventing overfitting while
allowing the model to converge effectively. Smaller batch
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Modality Removed | Performance Drop (%) Example Tasks Impacted

1. Vision 25 Object Recognition, Scene Understanding
2. Language 15 Instruction Following, Task Planning

3. Action 30 Motor Control, Task Execution

Table 1. Impact of modality ablation on VLA model performance. This table provides a summary of the performance drop observed when
each modality is removed from the pretraining data, along with examples of tasks that are particularly impacted.

Table 2. Comparison of Model Parameters and Computational Cost

Model Parameters (M) Training Time (hours) Inference Speed (FPS) Memory Footprint (GB)
VLA Model 150 48 30 20
Baseline Model A 100 36 40 15
Baseline Model B 200 60 25 25

sizes (e.g., 32) paired with the same learning rate yielded
slightly lower accuracy (0.82), potentially due to increased
noise during training. A higher learning rate (le-3) led
to a significant drop in accuracy (0.78), indicating that the
model may have overstepped optimal parameter values dur-
ing training. Increasing the weight decay to le-4, while
keeping the learning rate and batch size at le-4 and 32 re-
spectively, also resulted in a decrease in validation accuracy
(0.80), suggesting that excessive regularization hindered the
model’s ability to learn the underlying patterns in the data.

These findings align with established principles in ma-
chine learning, where careful selection of hyperparameters
is essential for achieving optimal performance [1, 6]. The
selected hyperparameter settings provide a strong founda-
tion for the VLA model’s training and subsequent evalua-
tion on robotic tasks.

5. Conclusion

The Vision-Language-Action (VLA) model presented
showcases significant potential for the development of scal-
able and generalizable robotic systems. The empirical re-
sults strongly suggest that pretraining on large, diverse mul-
timodal datasets is a viable strategy for endowing robots
with a broad range of skills and the ability to adapt to new
tasks and environments. The ablation studies underscore
the importance of each modality—vision, language, and
action—in achieving robust performance. Future research
efforts should prioritize refining task-specific performance
through architectural innovations and training methodolo-
gies. Further exploration of novel architectures is warranted
to unlock additional capabilities and improve the overall ef-
ficiency of VLA models in real-world robotic applications.
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Table 3. Performance Breakdown on Different Task Categories

Task Category VLA Model Accuracy Baseline Accuracy

Manipulation 0.85 0.70
Navigation 0.78 0.60
Perception 0.90 0.75
Tool Use 0.65 0.50

Table 4. Hyperparameter Tuning Results for VLA Model

Learning Rate  Batch Size Weight Decay  Validation Accuracy

le-4 32 le-5 0.82
le-4 64 le-5 0.85
le-3 32 le-5 0.78
le-4 32 le-4 0.80

234 [6] Jasper Snoek, Hugo Larochelle, and Ryan P. Adams. Practical
235 bayesian optimization of machine learning algorithms, 2012.
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