Improving vision models with targeted synthetic
data generation

Markiyan Kostiv
August 2024

Abstract

This PhD proposal explores the challenges and advancements in syn-
thetic data generation for computer vision, particularly in narrow domains
with limited data availability. The goal of my research is to enhance down-
stream task performance by incorporating domain-specific knowledge into
large generative models, addressing biases and edge cases, and generating
high-fidelity synthetic data to reduce reliance on manual labeling. The
study will also investigate techniques to better align synthetic data with
real-world distributions, thereby improving model robustness and fairness.
The ultimate goal is to develop methods that produce more accurate and
reliable models across diverse real-world applications.

1 Introduction

Over the last decade, the rise of the computer vision field has been heavily
influenced by the success of utilizing large amounts of carefully curated
human-labeled datasets. The diversity of the dataset, its distribution
bias [1], and the correctness of human annotation [2], arguably, are cru-
cial to creating reliable production deep learning models. However, this
approach has limitations in the scarce scenarios and edge cases that are
hard to capture in real-world data and in specific domains where data
collection and annotation resources are limited, such as medical imagery,
military, environmental monitoring, early disaster prevention, and others.
To address these problems, the industry relies on creating high-quality
simulations [3] [4] that are time-consuming and expensive to design and
adapt to real-world distributions.

Synthetic data offers an alternative way of generating large volumes of
diverse and high-quality vision data [5][6][7] that can cover a wide range of
scenarios while simultaneously having precise labels that supervised deep
learning models can efficiently utilize for training. The rise of generative
adversarial networks and the recent success of large diffusion models have
proven to be able to generalize well on large amounts of noisy data and
utilize this knowledge in a controllable way [8][9].

However, challenges like a lack of domain-specific knowledge in nar-
row domains, potential bias in synthetic data, and domain gap between



generated and real-world scenarios remain [10]. Additionally, there is a
variability issue in the data generated by the model that was trained on
a limited distribution. Simultaneously, by increasing the data variance,
it becomes challenging to control the data drift and keep the generated
data on track with the real-world distribution [11]. In the following sec-
tions, I'll describe a possible way to mitigate those problems. In the
Related Work section, I outline the existing approaches toward synthetic
data generation and domain adaptation, covering the state-of-the-art ap-
proaches and research directions of academia and industry. In the Moti-
vation section, I describe the importance of the problem and its broader
social and economic impact. The subsequent Methodology section out-
lines my perspective on enhancing the current approaches toward better
synthetic datasets by utilizing large amounts of widely available noisy
data and transferring learned capabilities into narrow domains. Finally,
in the Conclusion section, I summarize the key elements of this proposal
and evaluate the various aspects of the potential impact of my research.

2 Related Work

There are various approaches to generating high-quality synthetic data,
ranging from creating comprehensive scenes and world models with game
development engines like Unreal Engine [12], applying domain adaptation
techniques to reduce the data shift between synthetic and real-world do-
main [13], or utilize deep learning models, such as latent diffusion models
[14] or generative adversarial models [15]. While designing realistic scenes
by hand can provide high-quality data, it remains a very time-consuming
and expensive approach. Therefore, it usually limits the amount of data
that can be created this way. On the other hand, domain adaptation and
data generation can drastically reduce the data collection cost and offer
unlimited data points.

Generative models for vision-data synthesis. Conditional ad-
versarial networks [16, 17, 18] were one of the first methods that achieved
plausible perceptual quality with the high-resolution image synthesis in
various domains.

It was later shown that latent diffusion models (LDMs) are superior to
GANSs in the image synthesis tasks [19]. By operating in the latent space,
they reduce the computational demands and can learn from the large-
scale datasets collected on the internet [20]. Besides using text embed-
ding [21] for conditional generations, these models can generalize well to
additional inputs with much smaller datasets and compute requirements
with techniques like ControlNet[8], DreamBooth [9], and T2I [22]. Follow-
ing the success of single image generation, this approach was extended to
video generation [23, 24], and can provide high-quality generation while
maintaining temporal consistency and effectively model both short and
long-range dependencies.

Application of generative models in synthetic data. The use
of synthetic data has become an industry standard for solving various
computer vision tasks, such as human-pose estimation [25], text local-
ization and recognition [26], multi-object detection and tracking for au-



tonomous driving [27]. Generative vision models can be used to synthesize
datasets that are on par with human-labeled datasets. For example, the
saliency detection model trained on purely synthetic data [28] achieves
98.4% F-measure compared to the model trained on the largest open-
source saliency detection benchmark dataset DUTS-TR [29]. Such ap-
proach is proved to be successful in other downstream computer vision
tasks, such as semantic segmentation [30], depth estimation [31], object
detection [32], and classification [33].

It also was shown that these large models trained on billions of im-
ages could be fine-tuned and utilized for data generation in the domains
that are data-scarce, such as medical imagery [34, 35]. Additionally, they
outperform other approaches in image-to-image translation for domain
adaptation tasks in data-scarce domains [36] and in one-shot unsuper-
vised domain adaptation [37].

Challenges in learning from the synthetic data. Despite the
recent success of generative models in synthetic data, there are significant
challenges to training robust models on downstream tasks only using ar-
tificial data. It is shown that although downstream models trained on
synthetic data generated by vision language foundation models (VLFMs)
show impressive capabilities on the academia benchmarks, their capacity
is significantly diminished in the real-world scenarios [11]. The primary
reason is that academic benchmark datasets are akin to the data scraped
from the Internet that was used to train VLFMs. Therefore, the question
arises if the generators are capable of introducing any advantage over the
training on the relevant upstream data and if generators simply interpo-
late the original distribution and do not enhance it [10]. To solve the
challenge of the bias in the upstream data and extrapolate the distribu-
tion, the generators are manipulated to generate bias-conflict synthetic
samples [38].

3 Motivation

Despite the recent advances in generative models and overall interest in
synthetic data generation in the industry, there are still areas that require
further research.

Narrow domains often lack extensive data availability found in the
Internet-scale dataset and face significant challenges in fully leveraging
supervised learning models [39]. The limited size of these datasets typi-
cally restricts the development of robust models capable of performing well
in real-world scenarios [40]. The current advancements in the synthetic
data and generative models research have yet to overcome this limita-
tion, as the generated data points do not provide gain over the targeted
sampling from the upstream pool they originate from. Rather than in-
troducing a new variety, these synthetic data points tend to interpolate
within the existing distribution, offering little improvements for down-
stream tasks [10]. Therefore, one of the main goals of my research is
to explore methods of utilizing the knowledge obtained by the generator
trained on the large Internet-scale datasets on the targeted domain and
incorporate domain-specific knowledge into the generator to create more



comprehensive training data to boost downstream performance.

Traditional datasets often have biases that come from the uneven rep-
resentation of various classes or scenarios, leading to models that perform
well on common cases but struggle with rarer, more critical situations [41].
These biases are particularly problematic in domains where the cost of er-
ror is high, such as in medical diagnosis, autonomous driving, or military
applications. Moreover, edge cases, rare but crucial instances, are fre-
quently underrepresented in the data, further deepening the problem [42].
To address these issues, my research will focus on identifying such edge
cases and biases in the target distribution and leveraging synthetic data
generation to enhance the diversity of training datasets by introducing
more edge cases and counteracting inherent biases. By creating synthetic
data that specifically targets these underrepresented scenarios, the goal is
to produce models that are not only more robust but also fairer and more
accurate across a broader range of real-world applications.

Manual labeling of datasets, particularly in complex scenarios such as
dense object detection [43], is a resource-intensive process, often requiring
significant time and expertise. In tasks where objects are densely packed
or where precision is critical, such as in medical imaging, autonomous
driving, or aerial surveillance, the demand for accurate labeling becomes
even more pronounced. The need for domain-specific knowledge further
increases the cost. This not only drives up the financial costs but also
limits the scale and speed at which high-quality labeled data can be pro-
duced. To address these challenges, my research will explore the use of
synthetic data generation as a cost-effective alternative to manual label-
ing. By generating high-fidelity synthetic data replicating these complex
scenarios, we can significantly reduce the reliance on manual labeling while
maintaining, or even improving, the quality of the training data.

4 Approach

The methodology of this research will be structured to achieve three main
objectives: enhance the performance of the downstream tasks in narrow
domains using domain-specific datasets, address biases and edge cases in-
herent in the large real-world datasets, and generate high-fidelity synthetic
data for challenging and costly labeling scenarios.

4.1 Enhancing Synthetic Data Generation for Nar-
row Domains

The first step in this research will be to refine the synthetic data generation
process for narrow domains where data scarcity is a significant challenge.
To achieve this, I will leverage large generative models, such as latent dif-
fusion models pre-trained on Internet-scale datasets like LAION-5B [20],
and fine-tune them with various adapters inspired by T2I-Adapter [22]
and ControlNet [8] to incorporate domain-specific knowledge [44], thereby
enhancing the original small distribution of the target domain. Next, I’ll
further explore how we can improve the existing steering techniques for



large generative models that can better utilize specific target-domain fea-
tures. This approach will include image-to-image translation tasks for
domain adaptation, text-to-image generation for a wider variety of dis-
tributions, and a number of ablation experiments with synthetic data
pre-training and fine-tuning. I will assess the impact of such data on
downstream tasks, such as object detection and semantic segmentation,
by comparing model performance with and without the use of synthetic
data to evaluate its impact on robustness. To further enhance the variety
within the small target domain dataset, I will explore techniques to better
align the generated data with the target distribution [45] and address its
low variety by generating more bias-conflict examples [38].

4.2 Addressing Biases and Edge Cases in Syn-
thetic Data Generation

The focus of this research direction will be on identifying and mitigating
biases present in common real-world datasets and addressing edge cases
that may compromise model performance. Biases in datasets can lead to
models that excel in standard scenarios but underperform in less frequent
yet critical situations. Similarly, edge cases—rare or particularly challeng-
ing instances—can significantly affect the robustness of the model in the
real-world setup.

To tackle these challenges, I'll begin by analyzing real-world datasets
for downstream tasks, such as COCO [46], CityScapes [47], DOTA[48],
nuScenes [49], and similar, to identify the challenging examples for state-
of-the-art downstream task models. To achieve that, I will use techniques
to extract high-uncertainty and high-loss samples [50] [51] in both training
and validation datasets. These instances are likely to represent either mis-
takes in annotations or scarce scenarios. I will further apply techniques
inspired by diversity-based sampling [52] to find the candidates for a gen-
eration. After the evaluation of such examples, I will build a synthetic
data generator similar to the approaches described in 4.1, enrich training
data with more examples similar to the challenging scenarios, and measure
the performance of the downstream models after data enrichment.

4.3 High-Fidelity Synthetic Data for Challenging
Labeling Scenarios

The final objective of this research is to explore how the generation of
high-fidelity synthetic data can reduce the efforts and error rate associ-
ated with manual labeling in challenging scenarios, such as dense object
detection [43], image matting [53], remote sensing through semantic seg-
mentation [54], and others. This research will investigate whether simu-
lation techniques [55] when combined with domain adaptation methods
[56], can effectively substitute the need for manual annotation. Further-
more, we will assess whether the approach described in 4.1 can further
accelerate the acquisition of such data by generating high-fidelity sam-
ples that meet the specific requirements of these complex labeling tasks
by using large generative vision models. We will explore how the data



enrichment by such examples impacts the performance on common down-
stream tasks and measure the performance on challenging datasets such
as CrowdHuman [57], UCF-QNRF [58], DOTA [48], and similar.

5 Conclusion

In this PhD proposal, I highlighted the key challenges to the effective
use of synthetic data for training supervised deep learning models and
outlined my approach to advance the field. The research is focused on
three primary objectives: enhancing the performance of downstream tasks
in narrow domains, addressing biases and edge cases inherent in large real-
world datasets, and generating high-fidelity synthetic data for scenarios
where manual labeling is particularly challenging.

By improving the process of synthetic data generation and incorpo-
rating domain-specific knowledge, my approach aims to overcome the
data scarcity limitations in narrow domains. Furthermore, by identify-
ing and mitigating biases and edge cases, the proposed research seeks to
improve the robustness and fairness of models in real-world applications.
Finally, the development of high-quality synthetic data generation tech-
niques promises to reduce the dependency on manual labeling, thereby
accelerating the development and adoption of machine learning models.
This advancement represents a major step towards the next-level ma-
chine learning democratization, enabling broader access to powerful Al
tools and facilitating innovation across diverse industries.
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