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Figure 1: Examples of generative data augmentation. The original image (left) depicts a cat and a dog walking
on a road with a car in the background. Variations include the substitution of the cat with a plant (top right), the dog
with a plant (bottom right), and the background car with a bus (bottom left). These augmentations demonstrate how
generative models can create diverse training data by modifying different elements of the original image, thereby
enhancing the robustness of computer vision models.

Abstract

Data augmentation is essential for enhancing
the performance of machine learning models,
particularly in computer vision. Traditional
methods such as rotations, shifts, and bright-
ness adjustments are limited in their ability
to provide significant semantic variations, of-
ten resulting in models that do not general-
ize well to new data. Language models, on
the other hand, possess extensive knowledge
about the world, its structure, and semantics. If
this knowledge could be transferred to datasets,
it would significantly enrich the visual diver-
sity of the data and improve the quality of
visual models. In this paper, we introduce
Garage, a novel framework designed to over-
come these limitations by allowing the replace-

ment of object annotations in images. Using
Vision-Language Models (VLMs), we obtain
descriptions of images, and then, leveraging
language models, we determine what can be re-
placed in the image and compose an extended
prompt that generates data modifications. This
way, we semantically augment the dataset in
a meaningful way. Garage operates in two
modes: interactive, where annotators can man-
ually select and replace objects, and automatic,
where objects are automatically replaced based
on user-defined classes. We demonstrate the ef-
fectiveness of this framework by benchmarking
models trained with and without the augmented
data, showing improvements in performance of
object detection.
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Figure 2: Demo Visualization.This demo is simple to use and provides users with flexible options for selecting
objects and augmentation variants, allowing for easy generation of augmented images. The process begins with
uploading an image from your computer or selecting from provided examples. Once the image is loaded, the user
can set up the object for segmentation. This can be done either through a text prompt in the GroundedSAM model
or by selecting a mask from given examples. Finally, the user configures the target object for augmentation. The
tool will generate an augmented image based on the input image, the selected object, and the specified target object,

ensuring flexibility and ease of use at each step.

1 Introduction

Data augmentation is a crucial tool in the arsenal
of modern machine learning and computer vision
researchers. It allows an increase in the volume of
data, improving the overall performance of models
by creating various variations of the original data.
However, traditional augmentation methods, such
as rotations, shifts, and brightness changes, are lim-
ited in their capabilities. They do not provide signif-
icant semantic extensions in the data, which could
substantially enhance the training models. For ex-
ample, when training a model for object recogni-
tion, standard augmentations such as rotation and
scaling do not provide sufficient diversity in the
objects within images. This can lead to models not
generalizing well to new, unseen data.

In this paper, we propose a new framework
Garage for data augmentation that allows to re-
place object annotations in images. This approach
not only increases the amount of data but also en-
riches it semantically, which is important for im-
proving the generalization capability of machine
learning models.

We developed a framework that operates in two
modes: interactive and automatic. In the interactive
mode, the user can manually select the object to
be augmented and specify the object to replace it
with. This allows for more precise control over the
augmentation process and adaptation to specific
needs. In the automatic mode, the framework auto-
matically selects objects in the image and replaces
them with objects from user-specified classes. This

enables the rapid generation of large volumes of
data with diverse semantic combinations.
Our contributions are as follows:

* We present the first data augmentation frame-
work Garage designed for replacing object
annotations, providing significant semantic en-
richment to datasets. Garage supports both
interactive and automatic modes, catering to
various user needs and datasets.

* We demonstrate experimental results that
show improved generalization capabilities
of models trained with our augmented data.
Video demonstration is available!

* We offer an open-source implementation of
our framework, allowing the research com-
munity to benefit from our advancements in
data augmentation. We publish the code on
GitHub ? under the Apache 2 license and pro-
vide introduction video.

2 Framework

2.1 Interactive augmentation

Creating annotations for object detection tasks is
inherently labor-intensive, often requiring several
minutes per image. Achieving a diverse dataset
necessitates processing a substantial number of im-
ages, further compounding the effort. To streamline
this process, our framework provides an interface

'Video Demonstration
2Github repository
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Figure 3: Internal details of the framework. The figure illustrates the sequential steps in the framework. It includes:
Object Choice: Choosing the appropriate object based on user prompts or automatic choice. Augmentation:
Generation of augmentation with additional user prompts or automatic choice. Post-processing: Removing
generation artifacts and filtering incorrect examples. Each step is crucial for achieving high-quality results that meet

user requirements.

designed to assist annotators in generating diverse
annotations with ease. Interactive Augmentation

Our framework includes a Gradio demo (see
Figure 2) that facilitates interactive image augmen-
tation. The workflow for interactive augmentation
is as follows:

¢ Image Upload and Object Selection The an-
notator uploads an image and selects the ob-
ject to be replaced by either clicking on it or
using a textual prompt to describe the object
which passed to GroundedSAM (Ren et al.,
2024) to extract object mask.

Class Specification The annotator specifies
the class with which the original object will
be replaced by.

Prompt Extension and Image Generation
Our framework extends the provided prompt
using LLaMA (Dubey et al., 2024) and gen-
erates the augmented image with the replaced
object using PowerPaint (Zhuang et al., 2023),
along with the new annotation.

Downloading Augmented Images: Finally,
the annotator can download the augmented
images, thus significantly simplifying the an-
notation process and enhancing dataset diver-
sity.

2.2 Automatic augmentation

In addition to manual augmentation, our framework
offers a fully automatic augmentation mode. This
mode is a powerful tool for creating a comprehen-
sive augmented dataset, significantly enhancing the
quality of image segmentation models.

Upon uploading the original dataset, users can
specify which classes to add or augment. For in-
stance, if the user wants to add a "capybara" class,
they can specify this, and it will be incorporated
into the dataset. The framework then automatically
generates the necessary augmentations, resulting in
an expanded dataset. This comprehensive system
consists of three stages, detailed below.

2.3 Object choice

The first step involves selecting the object to aug-
ment. For automatic selection, we utilize LLaVA
(Liu et al., 2024) to identify objects that can be re-
placed and provide image description. LLaVA ex-
tracts a list of objects from the image, from which
a random object is selected for augmentation. Sub-
sequently, we apply GroundedSAM (Kirillov et al.,
2023) to generate the object’s mask based on se-
lected object. For LLaVA prompt details, please
refer to Appendix A.

2.4 Augmentation

When the object for augmentation is selected,
LLaMA (Dubey et al., 2024) is employed to gen-
erate a suitable replacement. The user can provide
a list of potential replacement objects, from which
the model will make the final selection. If no list is
provided, it will automatically select an object. Fur-
thermore, the model receives a comprehensive im-
age description from LLaVA to ensure that LLaMA
fully understands the context.

To generate replacement we apply PowerPaint
inpainting (Zhuang et al., 2023) to the object with
the selected prompt. It is a common problem that
generation of the object with short prompt usually
is not great. So we apply the prompt extension,



using LLaMA, to the provided object prompt. In
the end of this procedure we pass expanded prompt
to PowerPaint to get the augmented image.

2.5 Post-processing

We apply two stage post-processing. On the first
stage we use Alpha-CLIP (Sun et al., 2024) to filter
out good generation. Alpha-CLIP acts as normal
CLIP (Radford et al., 2021) but accepts mask which
allows to calculate CLIP similarity with specific
area on the image. If CLIP score is bigger than cer-
tain threshold we accept the synthesized augmen-
tation. Otherwise, we generate image again. After
the image passed CLIP scoring we apply SAM to
get more precise object annotation for the image.
It is necessary because inpainting often generate a
new object not precisely by annotation, so we need
to apply the correction to get the correct mask. One
can see the mismatch between object and mask on
the Figure 3

3 Experiments

To check efficiency of our augmentation framework
we conducted experiments with augmented data on
VOC (Everingham et al., 2010).

3.1 Addition of new class

One possible application of our framework is gener-
ating data for a class which is absent or has limited
presence in an existing dataset. Augmenting with
a specific object can help in cases where an object
of a certain class is absent from the data, just by
adding it in the training data. If the object is present,
it can make the data sampling more diverse.

To verify this application, we conducted the fol-
lowing experiment. From VOC dataset, we re-
moved data for certain classes. For VOC «cat»
class. Then, we performed data augmentation on
the remaining data to add the absent class to the
sample. During the augmentation process, the pro-
posed algorithm was applied to all images in the
dataset that did not have an augmented class.

For images with multiple objects, a random ob-
ject was selected from among the objects whose
bounding boxes are within a relative area of no
more than 0.5, if such objects are available. This
was done to avoid overlapping of small objects
during the generation process.

Next, we trained detection models (FasterRCNN
(Ren et al., 2015), DETR (Carion et al., 2020),
YOLOVI0-N (Jocher et al., 2023)) on data with

various augmentations of the absent class to exam-
ine the impact of our augmented data on the results.
For training we used standard scripts from MMDe-
tection (Chen et al., 2019) and Ultralytics (Jocher
et al., 2023). The results are presented in Table 1.
From our experiments, we observe that the use of
our framework improves the quality of detection of
absent class while maintaining the overall quality
of the model at the same level. It is important to
note that the detection quality for other classes did
not change.

3.2 Knowledge transfer through expanding
prompt

When using standard prompts, we observed a de-
cline in the visual quality of generated images, par-
ticularly with shorter prompts, such as simple class
labels. To address this issue, we employed ex-
tended prompts by leveraging the linguistic capa-
bilities of the LLaMA model. For example, a sim-
ple instruction such as cat can be expanded into a
more descriptive and contextually rich phrase, such
as The ginger tabby cat has a sleek body, pointy
ears, and curious green eyes gazing around from
its playful pose. This extension introduces impor-
tant contextual information, effectively bridging
the gap between textual and visual representations.

To assess the importance of prompt extension in
model training, we conducted an experiment by cre-
ating two datasets with identical images: one using
only the basic prompt and the other using the ex-
tended prompt incorporating a textual description
of the image. This approach allowed us to evaluate
how knowledge transfer through extended prompts
could enhance the quality of the generated images.
The extended instructions provided the subsequent
PowerPaint model with detailed information and
nuances, enabling the creation of higher-quality,
diverse, and visually consistent images according
to the instruction.

As previously mentioned, generating an object
with a short instruction usually turns out to be of
poor quality. This effect is demonstrated on the
Figure 4. Using the proposed model, images were
augmented with a fixed seed. The resulting im-
ages show that the quality of generation decreases
without additional expansion of the instruction.
Also, we conducted additional experiment on how
prompt expansion affects training object detection
model. We train FasterRCNN model on dataset
where was no cats with class prompt and extended
prompt. The results are shown in Table. 4. From



Table 1: Object detection results on Pascal VOC.The results demonstrate that training on our data significantly
improves model performance across various data percentages, as shown by the superior average precision (AP)
values in the ’ours’ rows compared to the ’original’ ones. The percentages represent the ratio of cat pictures used

from original dataset:

Dataset Model Data / Class Presence | 0% 25% 50% 75% 100%
T
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the results we see that knowledge transfer using
language model as a prompt expander improves
the quality of augmented data and consequently
detection model.

AP on cat category
w/o expanded prompts expanded prompts

64.6 66.4

Table 2: Comparison of the quality of FasterRCNN
training depending on instruction expanding. Prompt
extension improves the quality of the model. The results
demonstrate that using expanded prompts significantly
enhances the average precision (AP) for the cat category
compared to using prompts without expansion.

4 Related Work

Data augmentation is a widely used technique in
the field of machine learning and computer vision
to enhance the diversity and volume of training
datasets. Traditional data augmentation techniques,
such as rotation, flipping, cropping, and color jit-
tering, have been foundational in enhancing the
robustness of models (Buslaev et al., 2020). For in-
stance, (Krizhevsky et al., 2012) demonstrated the
effectiveness of these techniques in their pioneer-
ing work on the ImageNet classification challenge.
However, these methods often lack the sophistica-
tion to address more complex data distributions.
More recent approaches have leveraged gener-
ative models as a source for augmentation gener-
ation. (Alimisis et al., 2024) explores the use of
advanced generative models to create diverse and
realistic augmentations. (Yin et al., 2023) used text-
to-text and text-to-image models to generate aug-
mentations for image classification tasks, demon-
strating significant improvements in model perfor-

mance. (Fang et al., 2024) utilized a ControlNet
adapter to generate augmentations, enhancing the
dataset’s variability and robustness. (Kupyn and
Rupprecht, 2024) applied inpainting techniques to
augment data while maintaining the same label an-
notations.

An alternative to augmentations that improve se-
mantics is Open Vocabulary Detection (Wu et al.,
2024), where a model learns to detect objects using
a language model. While effective, this approach is
limited by the vocabulary of objects it was trained
on and does not allow for increasing the diversity of
the dataset through refinements in the properties of
detectable objects. Moreover, creating such archi-
tectures requires substantial resource investment,
which can be a significant constraint when training
an efficient model.

Our work differs from previous generative aug-
mentation approaches by enabling the augmenta-
tion of images to generate new annotations for dif-
ferent classes, rather than merely enhancing the
existing ones. This method enriches the dataset
semantically and structurally, offering a more com-
prehensive augmentation strategy.

5 Limitations & Conclusion

In this paper, we presented Garage, an interactive
and fully automated framework designed to address
the challenges associated with data augmentation
in machine learning and computer vision.

We demonstrated the effectiveness of Garage
through comprehensive experiments and bench-
marking. The results show that models trained
with data augmented by our framework exhibit im-
provements in performance compared. Also, by
automating the augmentation process and provid-
ing an interactive user interface, Garage simplifies
the task of data augmentation, making it accessible
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Figure 4: Comparison of inpainting generation de-
pending on prompt expansion. The images on the
left, generated using expanded prompts, exhibit signifi-
cantly more detail and accuracy compared to those on
the right, which were generated with minimal prompts.
This showcases how our model performs better with de-
tailed descriptions, capturing the nuances and specifics
of the desired output more effectively.

and practical for researchers and practitioners.

Furthermore, Garage’s extensible architecture
allows for easy integration of new augmentation
techniques and customization according to spe-
cific needs. This flexibility ensures that our frame-
work can adapt to various data types and domains,
offering a robust solution for enhancing training
datasets.

One limitation of our approach is the computa-
tional resources required, including the necessity
of powerful GPUs and time to generate each aug-
mented image. This can be a constraint in practical
applications, especially when large datasets need
to be processed. However, this limitation can be

mitigated by using distilled models like SD3 Turbo
(Sauer et al., 2024) in production, which are opti-
mized versions of the original models. Distilled
models can perform the same tasks more efficiently,
reducing the computational load and time required
for image generation, thereby making the Garage
framework more practical and scalable for real-
world use.

In conclusion, Garage represents a significant
advancement in the realm of data augmentation,
addressing key limitations of existing methods and
providing a comprehensive, automated solution for
creating high-quality, diverse, and balanced train-
ing datasets. We believe that our framework will
contribute to the development of more robust and
fair machine learning models, ultimately advancing
the state of the art in the field.

6 Ethical considerations

This research introduces the Garage framework for
data augmentation, raising several important ethi-
cal considerations. Ensuring data privacy is crucial,
particularly when dealing with datasets containing
personal information. Robust anonymization tech-
niques and adherence to data protection regulations
like GDPR are essential to protect individuals’ iden-
tities. Additionally, data augmentation techniques
must be monitored to prevent the introduction or
amplification of biases related to race, gender, and
socioeconomic status. Efforts should be made to
identify and mitigate these biases, ensuring the de-
velopment of fair and unbiased machine learning
models.

The ability to replace object annotations and
generate new images presents the risk of misuse,
such as creating misleading or deceptive content.
Safeguards and ethical guidelines are needed to
prevent harmful applications of the Garage frame-
work. Transparency is also key; researchers should
provide clear documentation of methods, openly
share code and datasets, and acknowledge limita-
tions and potential ethical concerns. Addressing the
environmental impact of computational resources
used in training models is also important, with a
focus on energy-efficient algorithms. Finally, de-
spite advancements in automation, human over-
sight remains crucial to maintain ethical standards
and quality control, ensuring responsible use and
development of the Garage framework.
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A Example Appendix

A.1 Prompts
A.1.1 LLaVA Prompt image caption.

The prompt is designed to guide the assistant in
generating a comprehensive caption for an image.
The key elements to be included in the caption
are the details of objects within the image, their
relative positions, and their quantities. This struc-
tured approach ensures that the generated caption
is thorough and informative, providing a detailed
understanding of the visual content.

USER: <image> Provide a detailed caption
for this image. Include details about the
relative position of objects in the picture
and their number.

A.1.2 LLaMA Prompts for selecting a new
object

This prompt is tailored to instruct the assistant in
identifying a suitable replacement object within a
given scene. The assistant is prompted to suggest
a new object that is distinctly different from the
existing one, based solely on the provided scene
description and current object. This ensures the
replacement maintains the context and coherence
of the scene while introducing variety.

USER: Imagine you are an object replacer.
Your task is generating a replacement
object instead of the existing object on
the scene. It’s important that the new
object is not the same as the existing one.
I will give you a description of the scene
and the existing object. You must give
me an object which could be depicted
instead of the existing object. So, image
description: {ImageDescription}, existing
object: {CurrentObject}. You should return
only a name of the new object and nothing
else.

If a list of potential objects is submitted:

USER: Imagine you are an object replacer.
Your task is generating a replacement object
instead of the existing object on the scene.
It’s important that the new object is not
the same as the existing one. I will give
you a description of the scene, existing
object, and a list of potential new objects.
You must give me an object from the list
of potential new objects which could be
depicted instead of the existing object. The
new object should fit well into the picture
in place of the existing object. The new
object should be approximately the same
size as the existing object. If no object
from the list fits into the picture, return
the existing object. The image should
remain believable after replacement. So,
image description: {ImageDescription},
existing object: {CurrentObject}, a list of
potential new objects: {NewObjectsList}.
You should select and return only the name
of the new object from the provided list,
which fits into the picture to replace the
existing one.

A.1.3 Prompt for expansion using LLaMA

USER: Imagine that you want to describe
the {NewObject}’s appearance to an artist
in one sentence, under 15 words. Mention
{NewObject} in the description for clarity.
Focus solely on the realistic description of
the {NewObject}, ignoring any external
elements or surroundings. For example,
if the object is an animal, the description
should include the animal’s color, size,
breed, pose, view direction, etc. If the
object is a vehicle, the description should
include the vehicle’s brand or model, color,
size, type, etc. If the object is a person, the
description should include the person’s age,
gender, height, weight, hair color, eye color,
clothing, pose, etc. Do not add anything
extra to the visual description that is not
directly related to {NewObject}.

A.2 Generation examples

All 20 classes from the Pascal VOC dataset have
been augmented in Figure 5.



Figure 5: Augmentation Pascal VOC categories.This figure illustrates various object classes from the PascalVOC
dataset, each augmented using our Framework. The categories include: (top row) motorcycle, train, cat, car; (second
row) bicycle, bus, bird, boat; (third row) bottle, chair, cow, dining table; (fourth row) dog, horse, person, potted plant;
(bottom row) sheep, sofa, television, and airplane. Each object class is depicted in a lifelike manner, showcasing
the potential of generative augmentations to produce realistic and diverse instances for training machine learning
models.
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