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Fig. 1: Overview of the ObjectVLA Framework. When encountering an unseen object (e.g., Pikachu), ObjectVLA searches
the web for images of the object, generates multi-view 3D representations, and composes them into contextual scenes. After
VLA finetuning, the robot can accurately localize and interact with the object.

Abstract— Imitation learning has proven to be highly effec-
tive in teaching robots dexterous manipulation skills. However,
it typically relies on large amounts of robot data, which
limits its scalability and applicability in dynamic, real-world
environments. One Kkey challenge in this context is object
generalization—where a robot trained to perform a task with
one object, such as “hand over the apple.” struggles to transfer
its skills to a semantically similar but visually different object,
such as “hand over the peach.” This gap in generalization to
new objects beyond those in the same category has yet to be ad-
equately addressed in previous work on end-to-end visuomotor
policy learning. In this paper, we present a simple yet effective
approach for achieving object generalization through Vision-
Language-Action (VLA) models, referred to as ObjectVLA.
We design a lightweight image-text-data-synthesis pipeline,
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Search2Scene, which enables robots to generalize learned skills
to novel objects without requiring explicit human demonstra-
tions for each new target object. By leveraging vision-language
pair data, our method provides a lightweight and scalable way
to inject knowledge about the target object, establishing an
implicit link between the object and the desired action. We
evaluate ObjectVLA on a real robotic platform, demonstrating
its ability to generalize across 100 novel objects with a 64%
success rate in selecting objects not seen during training. These
results highlight the effectiveness of our approach in enabling
object-level generalization and reducing the need for extensive
human demonstrations, paving the way for more flexible and
scalable robotic learning systems.

[. INTRODUCTION

Vision-language-action (VLA) models have emerged as
a transformative paradigm for teaching robots dexterous
skills, enabling them to replicate human behavior and master
complex tasks [1]-[6]. However, a critical limitation persists:
these models rely heavily on human demonstration data,
which constrains their scalability and practicality in dynamic
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real-world environments [7]—-[9]. For instance, a robot trained
to execute “hand over the apple.” often fails to generalize to
analogous tasks like “hand over the peach.” despite concep-
tual similarity. This underscores the unresolved challenge of
object generalization — adapting learned skills to novel,
unseen objects — particularly when such objects lie beyond
the category of the teleoperated training data. We name
these objects as out-of-distribution (OOD) objects.

The core limitation stems from imitation learning’s ten-
dency to learn fixed mappings from instruction and visual
input to action. When encountering objects absent from
teleoperation data, the model lacks mechanisms to associate
the object’s name, visual features, and learned actions. To
address this, we propose a framework that bridges visual-
language semantics and robotic actions through automat-
ically synthesized image-text data and localization-aware
reasoning.

To support zero-shot generalization, we introduce
Search2Scene, a dedicated pipeline for synthesizing high-
quality image—text data. Search2Scene first parses user input
to identify a target object and searches for high-quality
images of it. The pipeline then processes these images using
3D reconstruction to create multi-view representations. These
representations are subsequently rendered into background
scenes to synthesize composite images. Finally, the result-
ing composite images, along with associated localization
annotations, are paired with text descriptions to form a
structured image—text dataset. This dataset is co-finetuned
with teleoperated robot interaction data, while the robot
data itself is enriched with localization-guided reasoning.
By using this pipeline to produce data localization as a
bridging representation, we create a unified pathway between
visual-language inputs and robotic actions. This enables
zero-shot object generalization: the model can recognize
and manipulate novel objects—even those absent from robot
training data—without task-specific retraining.

We designed rigorous real-robot experiments to validate
the effectiveness of image-text data augmented with localiza-
tion metadata (e.g., bounding boxes). With six objects posi-
tioned on either side of a table, the robot followed “move to
the object” commands, scoring 100% on in-domain items and
64% on 100 OOD objects. The versatility of our approach
is further demonstrated across diverse scenarios, including
bin-picking task and other tasks requiring composite skills
like pushing and rotating. These experiments highlight the
importance of synthesizing accurate and realistic image-text
data, which enhances generalization and reduces reliance on
real-world robotic data.

Our primary contribution is a unified pipeline that au-
tomatically synthesizes image-text datasets and integrates
them with robot interaction data, enabling end-to-end object
generalization. Designed to be modular and scalable, the
framework can be easily extended to handle different objects
within the same task, without requiring additional robot
demonstrations. Despite some of the existing works, such as
RT-2 [2] and ECoT [5] giving a glimpse of how co-finetuning
can achieve simple object generalization, they neither eluci-

date the underlying mechanism of achieving such general-
ization nor address the boundary of their methodologies. In
contrast, our approach — though simple and straightforward
— demonstrates that training VLA models with a hybrid
dataset of robot interaction data and image-text data signif-
icantly enhances generalization. This level of generalization
goes significantly beyond previously demonstrated end-to-
end approaches. Crucially, our framework enables practical
deployment: simply searching for an object by name to
synthesize the corresponding dataset and quickly align it with
existing robot skills—achieving zero-shot generalization.

II. RELATED WORK

Vision-language-action models for robot control. Re-
cent research has focused on developing generalist robot
policies trained on increasingly expansive robot learning
datasets [10]-[14]. Vision-language-action models (VLASs)
represent a promising approach for training such generalist
policies [3], [4], [6], [7], [15]-[20]. VLAs adapt vision-
language models (VLMs) [21]-[30], pre-trained on internet-
scale image and text data, for robotic control. This approach
offers several advantages: leveraging large vision-language
model backbones, with billions of parameters, provides the
necessary capacity for fitting extensive robot datasets. Fur-
thermore, reusing weights pre-trained on internet-scale data
enhances the ability of VLAs to interpret diverse language
commands and generalize to novel objects and environments.
However, current VLA models struggle to recognize open-
world objects when these objects absent from the robot
interaction data [7], [8]. This is mainly due to VLMs
essentially “overwrites” its previously acquired knowledge
of open-world objects with robot-specific information.

Generalization in robot learning. In the realm of robot
learning, generalization, particularly object generalization,
remains a core challenge and active area of research.
Many works leverage techniques such as domain random-
ization [31], meta-learning [32], [33], retrieval-augmented
generation [34], extra modality [35], [36], and data augmen-
tation to improve a robot’s ability to recognize and interact
with novel objects unseen during training. For instance,
domain randomization methods [31], [37] randomize visual
and physical parameters during simulation training to force
the agent to learn features invariant to these irrelevant details,
leading to better real-world generalization. Furthermore,
meta-learning approaches [38] aim to train models that can
rapidly adapt to new objects with limited data, directly
addressing the object generalization problem. Finally, data
augmentation methods [39], [40], enhance the diversity of the
training data, exposing the model to a wider range of object
appearances and orientations, thereby promoting robustness
and generalization to novel objects. There is also a field
of work using large language models or vision-language
models to do open-vocabulary manipulation [41]-[44], com-
bined with motion planning and robot learning methods.
However, these approaches involve separate modules that are
trained independently for different components. To the best
of our knowledge, this work represents the first exploration
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Fig. 2: Overview of the Search2Scene Given an object name (e.g., Bulbasaur), the system searches for web images, uses
Gemini to filter them and to estimate object size, and generates multi-view 3D images via a diffusion model. These are
composed into scenes with auto-generated bounding boxes for VLA finetuning.

of object generalization beyond specific categories within
visuomotor policy learning, and further proposes a plug-and-
play module to address this generalization challenge.

III. METHODOLOGY
A. Notation and Motivation

Given a set of expert demonstrations that contain complex
robot skill trajectories, we want to learn a visuomotor policy
7w :{0,,Z.} — A that maps the visual observations o, € O,
and the language instruction 4, € Z,. to actions a € A. The
action changes accordingly when the language instruction
and visual input change. The r denotes the data in the human
demonstration data. Typically, for each language instruction
it contains robot skill such as “push” or “pick up” and
the target object, which is denoted as {obj,, skill.} € i,.
We then formally define the image-text data, where ¢ :
{0,,Z,} — L,, where we input the image o, € O, and
give a language instruction i,, € 7, the model is output with
the corresponding answer [, € £,. The notation v denotes
image-text data. In this work, we explore the generalization
of objects, focusing on those that are not part of the robot
interaction data but are present in image-text data.

B. Search2Scene

In this section, we present the overall framework of
Search2Scene, and detail the motivations and specifics of
three key modules: 3D Reconstruction, Image Composition,
and Data Construction.

ObjectVLA is an end-to-end VLA model augmented
with Search2Scene to enhance its generalization ability.

While existing methods rely heavily on human-collected
demonstration data for training, which limits their scalability
in dynamic and unstructured environments. In this work,
Search2Scene processes user queries to search relevant im-
ages and composes multi-view sequences, enabling the VLA
model to generalize to novel objects in zero-shot settings.
An overview of the Search2Scene workflow is illustrated in
Figure 2, and the following sections detail each component
of the system.

1) Query analysis: GPT-40 [45] analyzes the user instruc-
tion to extract the object to be searched.

2) Search Engine: Given a target object name, we first
query the Google Search to obtain 10 candidate images.
Next, Gemini-2.0-flash-exp [46] executes a filtering step, se-
lecting images based on several criteria: semantic alignment
with the object name, color matching, the presence of a
single object instance, and a clean or transparent background.
This process yields a refined set of 2-3 high-quality images
for 3D Reconstruction.

3) 3D Reconstruction: Directly using Google search re-
sults for image composition presents several challenges.
First, high-quality images that match the query are limited
in number. As you search for more images, you get a lot
more bad ones, which hurts the quality of the synthesized
images. Second, the searched object views are typically
constrained to a single perspective, lacking multi-view visual
diversity and thus limiting the model’s holistic understanding
of the object. Third, the searched images exhibit significant
variation in resolution and background complexity. These
differences make it even harder to composite images.
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To address the challenges posed by noisy image data,
we first apply an image filtering step to remove low-quality
samples. However, this results in an insufficient number of
images for training. Therefore, we use a multi-view data
generation method based on 3D reconstruction. First, using
the images filtered by Gemini, we perform 3D reconstruction
with the One-2-3-45 [47] framework, obtaining 32 novel
view images from different perspectives. This effectively
expanded the original dataset and enriched the object’s
viewpoint information. It’s important to note that due to the
limited quality of the generated 3D models, we don’t use the
reconstructed models to obtain multi-view images. Instead,
we directly select the multi-view images generated by the
model during the 3D reconstruction process as subsequent
data. This underscores that our approach is not only time-
efficient but also yields higher quality results.

4) Image Composition: To enhance the model’s general-
ization ability in unfamiliar environments, we aim to synthe-
size composite images containing the target object integrated
into novel scenes. Therefore, we employ ControlCom [48] as
our image composition method. ControlCom is a controllable
image composition method based on diffusion models, capa-
ble of unifying four tasks—image blending, image harmo-
nization, view synthesis, and generative composition—within
a single model, while also improving foreground fidelity.

First, we extract the target object from multi-view images
and generate corresponding mask images. To realistically re-
flect the object’s size in the composite image, we use Gemini
to obtain the object’s typical size and represent it with a
bounding box. Considering that excessively small bounding
boxes lead to poor synthesis results, we set a lower limit for
the bounding box size. We input the extracted foreground
image, mask image, background image, and bounding box
into the ControlCom model to synthesize a new composite
image. The mask image guides the fusion area between
the foreground and background, ensuring a natural visual
transition of the synthesized object within the background
environment. After composition, the foreground object is
accurately placed onto the background image according to
the bounding box position.

5) Data Construction:

Image-text data construction. To enhance the model’s
ability to generalize to novel objects, we construct a diverse
image-text dataset. For the visual component, we use the
composite images. In the experiment that demonstrates the
necessity of image-text data augmented with localization
metadata, we collected 20 distinct camera-captured views for
each of 100 objects. For the textual component, we employ
a fixed template, “Detecting the bounding box of object.”, as
the question, and the bounding box as the answer.

Reasoning data construction. We utilize localization
metadata to bridge the gap between image-text data and robot
data, as previously mentioned. To establish this implicit link
between image-text and action, we incorporate localization
metadata into the robot data. This section details how we
construct reasoning with localization for robot data.

For each task, we first identify target objects based on the

language instructions. We then employ DinoX [49],
a cutting-edge open-vocabulary object detector, to
annotate the bounding boxes of these objects. DinoX
can generate a bounding box given an object’s name.
To ensure accuracy, we manually verify and correct any
erroneous bounding boxes produced by DinoX. Since our
workspace has two external camera views, which can
result in different bounding boxes for the same object,
we annotate only one (right camera in our experiments).
Following Qwen2-VL [25], we use a fixed template,
“<|object_ref_start|>{object} <|object_ref_end|>< |box_start]
(21,91),(22,y2)<|box_end|>.", to represent the localization
reasoning. This reasoning is generated before each action and
injected into the policy model through a learnable module.
For a detailed explanation of this injection module’s
architecture, we refer readers to DiffusionVLA [9], the base
model used in our experiments.

IV. EXPERIMENTS

In this section, we examine the effectiveness of Ob-

jectVLA for object generalization in embodied control. In
section IV-A, we verify the effectiveness of our method in
object generalization. In section IV-B and IV-C, we illustrate
how our model transfers skills to objects not present in robot
data but included in the vision-language corpus.
Real robot setup. Our experiments are conducted on a
Franka robot [50] equipped with a 7-degree-of-freedom arm
and a gripper. We use two external ZED cameras and a
wrist Realsense 435i camera to obtain real-world visual
information. Our real-world robot setups are illustrated in
Figure 3.

A. Validating Object Generalization

In this section, we conduct rigorous experiments to verify
the object generalization capability of our method. We begin
by describing the experimental setup and evaluation criteria.
Next, we evaluate ObjectVLA on both in-distribution and
out-of-distribution objects. Finally, we explore several inter-
esting observations related to object generalization.

1) Experimental Setup: To verify the object generalization

capability, we begin with a simple yet effective task, “Move
to the object.”. In this task, we position objects on both sides
of the robot, ensuring that each side has at least three objects
on the table. The model is required to move toward the
target object based on the given instruction. These objects
are randomly chosen from a diverse set. For in-distribution
(ID) evaluation, objects are only selected from the robot’s
training data. And, for out-of-distribution evaluation, objects
are randomly selected from either the robot’s training data
or the vision-language data. A complete list of objects from
both datasets is provided in the Appendix.
Evaluation criterion. We evaluate each object over 4 trials,
with the target area’s side switching every two trials. We
consider the model to have successfully recognized a novel
object if and only if it moved toward the target object in
all four trials. This criterion ensures that the model cannot
achieve success simply by chance.
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Fig. 3: Robot setup and examples for real-world manipulation tasks. We evaluate ObjectVLA with 4 skills on a Franka
robot arm equipped with two external Zed cameras and a Realsense 4351 wrist camera.

Experimental results. Figure 5 presents the real-world
experimental results for the “Move” task. Our ObjectVLA
achieves a 100% success rate in ID evaluation, surpassing
the strong 7 baseline by ten percentage points (90%). Under
the stress-test regime with out-of-distribution (OOD) objects,
it preserves a 64% success rate—an gain of 20 percentage
points over m’s 44%. These gains confirm the effectiveness
of co-training robot data with localization metadata.
Ablation study. To further understand our method’s effec-
tiveness, we conducted an ablation study. We found that
object generalization relies heavily on two key factors: first,
explicitly linking vision and language to action through
bounding boxes. This provides a direct connection between
the visual object, its linguistic description, and the required
manipulation. Second, designing a reasoning process in the
robot data that mirrors the structure of vision-language pair
data. This allows the model to leverage the rich information
encoded in pre-trained vision-language models.

To analyze the impact of these factors, we removed the
reasoning module for robot data and eliminated bounding
boxes for vision-language data. The VLA model is then co-
finetuned with vision-language data and evaluated using the
same criteria and test settings as our full method.

As illustrated in Figure 5, the model without bounding
boxes achieves only a 19% success rate in OOD evaluation,
representing a significant performance decline compared to
our method, despite achieving a 100% success rate in the
ID test. This suggests that without explicit grounding and a
structured reasoning process, the model struggles to differ-
entiate objects in vision-language data, leading to confusion
about object-instruction correspondence and appropriate ac-
tion selection.

2) More Observations:

Can VLA recognize unseen objects if only trained
with teleoperated data? To further assess the importance
of vision-language data, we evaluated a VLA model trained
exclusively on robot data, without any vision-language co-
finetuning. As shown in Figure 5, this model (DiVLA)

TABLE I: Experimental Results for rotate and push skills.
Our proposed ObjectVLA achieves high performance on both
5 in-distribution objects and 20 out-of-distribution objects.
Each object is evaluated with three trials. We report the
number of success trials.

Task | Method | ID | OOD
Rotate 7o 10/15 | 22/60
ObjectVLA | 13/15 | 39/60
Push 7o 12/15 | 32/60
ObjectVLA | 12/15 | 52/60

achieved 8% accuracy, which is almost equivalent to random
guessing. This stark outcome highlights the critical role of
vision-language data in multimodal understanding.

While the VLA model’s backbone is pre-trained on
internet-scale vision-language data, focusing solely on
robot data during training leads to catastrophic forgetting.
The model essentially “overwrites” its previously acquired
knowledge of visual concepts with robot-specific informa-
tion, hindering its ability to comprehend multimodal scenes.
Consequently, even objects encountered during pre-training,
such as Pikachu, remain unrecognizable to the VLA model
without vision-language co-finetuning.

B. Combining with More Skills

While the previous section employed a simple “move to”
demonstration to validate the fundamental approach of our
method, this section expands the evaluation to encompass
more complex skills, specifically “push” and “rotate.” This
assessment aims to demonstrate the generalizability of our
method and its applicability beyond the “move to” task.
Experimental setup. In this experimental setup, we placed
three objects in front of the robot: one on the center, one on
the right, and one on the left. The robot is instructed to either
“rotate the object counterclockwise” or “push the object
forward,” as illustrated in Figure 3. Following previous setup,
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Fig. 5: Validation experiments on object generalization.
Our method achieved the best performance in both the in-
distribution test setup and under visual changes. Each object
is evaluated across 4 trials. We report the number of objects
that were correctly identified in all four trials.

we evaluate the model’s performance for both in-distribution
(ID) and out-of-distribution (OOD) objects. Recognizing that
some objects are inherently unsuitable for rotation or pushing
actions (e.g., dishes), we conducted experiments on a curated
set of 5 ID objects and 20 OOD objects. For each object in
a skill, 40 demonstrations were collected, resulting in a total
of 400 demonstrations.

Implementation details. We train one model for each skill
to ensure that the model focuses more on understanding the
objects rather than multi-task learning. We use the same
image-textual data of “move” task. Following established
protocols from our prior work, this image-text dataset trained
concurrently with the demonstration data for comprehensive
evaluation. Each object was tested with 3 trials. In total, 150
trials were conducted.

Results. As shown in Table I, our method achieved high
success rates on the robot interaction objects for both ro-
tate and push skill. More importantly, when evaluated on
out-of-distribution objects, it exhibits a markedly stronger
performance than the my baseline. Analysis of the failed
“rotate” trials revealed that the primary cause is the model’s
inability to grasp the target object securely. When eval-
uating performance on out-of-distribution (OOD) objects,

TABLE II: Experimental results for bin picking. Our
proposed ObjectVLA achieves high performance on both
11 in-distribution objects and 50 out-of-distribution objects,
with each object evaluated across 3 trials. We report the
number of successful trials over total trials.

Method | ID | OOD
OpenVLA | 14/33 | 17/150
7o 19/33 | 62/150

ObjectVLA | 21/33 | 87/150

we observed a decrease in task completion rates compared
to in-distribution objects, as expected. However, the model
still successfully completed nearly two-thirds of the trials.
Notably, in most failure cases, the model did not incorrectly
identify the target object but rather failed to execute the
skill completely. This was particularly evident in the “rotate”
trials, where successful execution hinges on a secure grasp,
a challenging requirement for unseen objects. Nevertheless,
these experiments strongly support the claim that ObjectVLA
can transfer learned skills, beyond basic pick and place, to
novel objects within the framework we have developed. The
results underscore the potential of ObjectVLA for general-
ized robotic manipulation, capable of adapting to new objects
and tasks beyond its initial training.

C. Instruction-Driven Bin Picking

To further evaluate ObjectVLA, we conducted experiments
in a more practical scenario: end-to-end instruction-driven
bin-picking. Unlike prior works (e.g., GR-2 [51] and Di-
VLA [9]) that execute bin-picking tasks without specific se-
mantic instructions—typically limited to generic actions like
transferring all objects from one container to another—we
focus on a significantly more challenging setting [9], [51]. In
our experiments, the robot is required to identify and retrieve
a specific target object based on natural language instruc-
tions (e.g., “Pick the hexagonal bolt from the bin”). This
scenario elevates the complexity of conventional bin-picking
tasks by integrating cross-modal understanding (vision-to-
language alignment) and fine-grained object discrimination
that have multiple objects in the scene. Notably, the objects
are randomly placed on the panel, which is a large area. Not
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only does the model need to figure out the object’s position,
but also needs to be aware of its pose.

Implementation details. We collected new data within this
environment. For robot data, we collected 600 pick-and-place
trajectories using the same “seen” objects as in previous
experiments. For image-text data, we used half the number of
objects from previous experiments, capturing 20 images of
each. We compared our method against OpenVLA, a state-
of-the-art VLA model, reporting success rates for both in-
distribution and out-of-distribution objects. Evaluation con-
sisted of three trials per object, totaling 183 trials per method.
In each trial, at least two objects were randomly placed on
the plate, and the model was instructed to pick and place a
specific object according to the given instruction.

Results. Table II presents our results. Bin picking, requiring
object retrieval from random positions and poses, poses a sig-
nificant challenge even for in-distribution objects. OpenVLA
achieves a success rate of only 42.4% for in-distribution ob-
jects, significantly less than half. The stronger 7 raises this
to 57.6%. Surprisingly, OpenVLA still completes about 11%
of trials with out-of-distribution objects, while 7y, manages
41.3%, likely because some test items share attributes with
training objects (e.g., bread resembling a muffin, a green
mug differing only in color from a brown training mug).
In contrast, our method completes 63.6% of in-distribution
trials and 58.0% of out-of-distribution trials—an absolute
improvement of 21.3% over 7y and 46.7% over OpenVLA on
OOD objects. These results further emphasize the necessity
of co-training with both robot interaction and image-text data
for effective object generalization.

V. CONCLUSION

In this work, we present ObjectVLA, a unified Vision-
Language-Action framework that addresses object general-
ization in robotic manipulation. By co-finetuning a policy
on this synthetic data alongside demonstrations, our method
establishes Search2Scene that bridges semantic understand-
ing and physical action execution. This enables zero-shot
generalization to over 100 novel objects with a 64% success
rate, even when objects differ in category, appearance, or
fine-grained attributes (e.g., color, shape). Our framework
demonstrates that lightweight co-training with image-textual
priors and localization-aware reasoning can unlock robust
cross-modal alignment. Key to our success is the ability to
adapt rapidly to real-world scenarios: by simply searching
the web for images of a target object, generating multi-view
3D representations, and compositing them into contextual
scenes, we can accumulate large volumes of realistic im-
age—text data for skill transfer. After quick continual finetun-
ing, robots generalize to unseen objects without costly human
demonstrations. Our results highlight a path toward scalable
robotic learning systems that reduce dependence on large-
scale teleoperation data while maintaining high performance.

VI. LIMITATION

There are still a number of limitations in this work. One
key issue is that image-text data sourced from the internet

may differ significantly from the appearance of target objects
in real-world robot manipulation tasks. Such discrepancies
could hinder the effectiveness of skill transfer, especially
when the visual domain gap is large. In particular, trans-
ferring skills to objects that lack distinctive visual features
tends to be more challenging and less reliable. Our primary
focus here is to introduce a novel pipeline that enables deep
learning models to transfer skills to new objects without
explicit demonstrations. Determining the limits of this trans-
ferability, particularly concerning the permissible visual gap
between training and target objects, remains an open question
for future investigation. Currently, our method struggles to
generalize to novel backgrounds and lighting conditions. We
believe the visual gap between our collected image-text data
and the robot’s operational environment contributes to this
challenge. Bridging this gap to improve generalization is a
key focus for future development.
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