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Figure 1. Gen-n-Val generates high-quality synthetic data to address the long-tailed distribution in instance segmentation. (Left)
Sample synthetic data generated by Gen-n-Val with precise instance masks (different colors indicate different object categories). (Right)
Log-scale category distribution of LVIS [14], a dataset known for its severe long-tailed distribution where rare categories (orange) often
have fewer than 10 images. With Gen-n-Val, we inject 1.874, 60,306, and 727,393 additional instances for rarer categories, substantially
balancing the long-tailed distribution such that each category has at least 10, 100, and 1,000 images. This redistribution leads to gains of
+0.8, +1.7, and +3.9 mask mAP overall and +0.9, +5.1, and +7.6 mask mAP on rare categories with Mask R-CNN [16], demonstrating the
effectiveness of our agentic data generation and validation pipeline in addressing data scarcity for underrepresented classes.

Abstract

The data scarcity, label noise, and long-tailed category
imbalance remain important and unresolved challenges
in many computer vision tasks, such as object detection
and instance segmentation, especially on large-vocabulary
benchmarks like LVIS, where most categories appear in
only a few images. Current synthetic data generation meth-
ods still suffer from multiple objects per mask, inaccurate
segmentation, incorrect category labels, and other issues,
limiting their effectiveness. To address these issues, we in-
troduce Gen-n-Val, a novel agentic data generation frame-
work that leverages Layer Diffusion (LD), a Large Lan-
guage Model (LLM), and a Vision Large Language Model
(VLLM) to produce high-quality and diverse instance masks
and images for object detection and instance segmenta-
tion. Gen-n-Val consists of two agents: (1) the LD prompt
agent, an LLM, optimizes prompts to encourage LD to gen-
erate high-quality foreground single-object images and cor-

* indicates equal contribution.
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responding segmentation masks, and (2) the data validation
agent, a VLLM, filters out low-quality synthetic instance im-
ages. The system prompts for both agents are optimized by
TextGrad. Compared to state-of-the-art synthetic data ap-
proaches like MosaicFusion, our approach reduces invalid
synthetic data from 50% to 7% and improves performance
by 7.6% on rare classes in LVIS instance segmentation with
Mask R-CNN, and by 3.6% mAP on rare classes in COCO
instance segmentation with YOLOvV9c and YOLO1Im. Fur-
thermore, Gen-n-Val shows significant improvements (7.1%
mAP) over YOLO-Worldv2-M in open-vocabulary object
detection benchmarks with YOLOI1m. Moreover, Gen-n-
Val has scalability in model capacity and dataset size. The
code is available at https://github.com/aiiu—
lab/Gen-n-Val.

1. Introduction

High-quality data plays a crucial role in computer vision
tasks, such as instance segmentation and object detection.
However, these tasks suffer from insufficient data. This is-



Common failures in MosaicFusion [39] syn-
thetic data. Despite using prompt “a photo of a single
<object>”, the method produces: (1) incomplete objects (blue:
typewriter cut off), (2) incomplete segmentation (purple: salmon;
red: snowmen), (3) multiple objects with single mask (red: two

Figure 2.

snowmen), and (4) wrong categories (
beled “apple sauce”).

: whole apples la-

sue causes poor performance and class imbalance, result-
ing in low Average Precision (AP) in rare classes. The root
of insufficient data is the cost of constructing the dataset.
Building large-scale datasets is extremely time-consuming
and labor-intensive, and the quality of labels could be un-
reliable due to human errors, such as missing labels, wrong
labels, and inaccurate masks or bounding boxes.

The naive way to synthesize data could be copy-
paste [8], which means copying foreground objects from
images and pasting them onto random backgrounds, or
generative models, such as generative adversarial networks
(GAN) [43] or diffusion models [2]. Because of recent ad-
vances in text-to-image diffusion models [29], X-Paste [44]
and MosaicFusion [39] use diffusion models to generate
images. However, compared to image generation, obtain-
ing labeled masks or bounding boxes for synthetic data is
more challenging. X-Paste uses an off-the-shelf segmenta-
tion model to get the instance mask of an object. MosaicFu-
sion generates images and masks simultaneously by using
a cross-attention map. While MosaicFusion can produce a
broad vocabulary of instances, several challenges remain in
creating high-quality synthetic data for instance segmenta-
tion, causing MosaicFusion to discard = 50% of the gener-
ated images and masks. Moreover, as Figure 2 shows, an-
other & 50% of the filtered generated images and masks still
suffer from several issues. First, it may generate multiple
objects within a single mask. For example, it generates two
snowmen and marks them with a single mask (red region).
Second, it could produce masks that do not accurately cap-
ture individual instances. For example, not all objects are
properly marked. Third, it could occasionally generate an
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incorrect category. For example, the yellow-masked area
should be “apple sauce”, but it generates “apples”.

To tackle these challenges, in this work, we introduce
Gen-n-Val, a novel agentic data generation and validation
framework. Gen-n-Val leverages Layer Diffusion (LD) [42]
and large language model (LLM)/vision large-language
models (VLLM) agents [7] to generate high-quality syn-
thetic data. We leverage LD to generate foreground im-
ages and masks without using the off-the-shelf segmenta-
tion model or cross-attention. However, we observe that ~
44% of the synthetic data generated by LD with the standard
prompt (e.g. “a photo of a single <object>,
<description>”) is invalid, as shown in Figure 3.
These images and masks generated by standard prompts not
only have low diversity but also have multiple objects due to
monotonous and ambiguous descriptions. Recently, LLMs
and VLLMs as agents have gained significant attention.
LLMs/VLLMs provide a natural language interface for in-
teracting with other components. Therefore, we leverage an
LLM as the LD prompt agent and employ TextGrad [41] to
refine the system prompts of the LLM, enabling the LLM
agent to produce optimized prompts that guide LD to gen-
erate high-quality and diverse single-object image instances
along with their corresponding segmentation masks.

However, the data generated by these optimized prompts
still contains approximately 7% invalid samples (e.g. sam-
ples without the target object, with multiple objects, or with
incorrect categories), as shown in Figure 4. To filter out
these failed cases, we use the VLLM as the data validation
agent. The data validation agent’s system prompt is also
optimized by TextGrad. Finally, we composite validated
foreground instances onto background images to produce
diverse, high-quality synthetic data for downstream tasks.

As demonstrated in Figure 1, Gen-n-Val allows us
to generate high-quality data for instance segmentation
and object detection models, effectively augmenting rare
classes, systematically balancing the category distribution,
and consistently improving overall model performance.

Our main contributions are summarized as follows.

We propose Gen-n-Val, an agentic framework for gen-
erating diverse high-quality data for instance segmenta-
tion and object detection with two agents, the LD prompt
agent and the data validation agent.

We use TextGrad to refine the system prompts of the LD
prompt agent to generate a high-quality image genera-
tion prompt for LD, allowing LD to generate a single
foreground instance with a precise mask. We also use a
VLLM as the data validation agent to validate generated
data, improving the quality of synthetic data.

The dataset synthesized by Gen-n-Val significantly out-
performs previous data synthesis methods in improving
model performance. Moreover, Gen-n-Val also has scala-
bility in model capacity and dataset size.



Figure 3. The samples generated by Layer Diffusion [42] with standard prompt. “An image of a single orange_(fruit), orange (FRUIT
of an orange tree).”. These images, generated using standard prompts, suffer from low diversity and often contain multiple unintended

objects due to their monotonous and ambiguous descriptions.
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Figure 4. Failure samples generated by Layer Diffusion [42] with optimized prompt.

2. Related Work
2.1. Copy-Paste Augmentation

To automatically identify realistic locations for object past-
ing, Dvornik et al. [8] introduce a context model that en-
ables objects to be seamlessly pasted into new scenes, sig-
nificantly improving object detection accuracy. In contrast,
Fang et al. [12] jitter objects that already exist within the
image rather than directly pasting them from other images.
Additionally, Dwibedi et al. [9] propose a method that cuts
and blends instances onto random backgrounds to avoid ar-
tifacts that can arise from direct pasting. In Simple-Copy-
Paste [13], Ghiasi et al. do not model the surrounding vi-
sual context before placing copied instances, but demon-
strate that random object placement leads to notable im-
provements compared to previous approaches. While these
methods can enhance performance, they may fall short in
providing the diverse and high-quality masks and images.

2.2. Generative-Based Augmentation

Leveraging generative adversarial networks (GANs), [43]
utilize a small set of labeled data to train a simple MLP
classifier for classifying pixel-wise feature vectors pro-
duced by StyleGAN [17]. This classifier then serves as a
label-generating branch within the StyleGAN architecture.
Consequently, data can be generated by sampling latent
codes and passing them through the StyleGAN. Following
DatasetGAN, [20] extend BigGAN [3] and VQGAN [10]
with a segmentation branch, scaling DatasetGAN to the Im-
ageNet [30] level. Since DatasetGAN is trained on syn-
thetic images, it can only sample objects with limited diver-
sity and a less natural appearance. With the aid of powerful
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diffusion models, Baranchuk er al. [2] propose a method
trained on labeled real images, exploring intermediate ac-
tivations in pre-trained diffusion models. These activations
effectively capture semantic information from input images,
making them useful for segmentation tasks. Although the
quality of synthetic data is promising, previous methods can
generate only a limited range of object categories.

Recent advances in text-to-image models [26, 28, 29]
can generate diverse objects in images with natural lan-
guage prompts. Therefore, Zhao et al. [44] introduce X-
Paste, which synthesizes images with Stable Diffusion and
segments these images with an off-the-shelf segmentation
model. However, generating data with X-Paste is time-
consuming, requiring 4.3 times more GPU hours than Mo-
saicFusion [39]. Gen2Det [35] uses an off-the-shelf box-
label-conditioned inpainting diffusion model and bounding-
box masks to generate data for object detection. Xie et
al. [39] introduce a training-free, diffusion-based data aug-
mentation pipeline capable of simultaneously producing
image and mask pairs by leveraging off-the-shelf text-to-
image diffusion models [26, 29].

As shown in Figure 5a, the pipeline of these methods
involves four steps: (1) Generate images using Stable Dif-
fusion with prompts filled by category name; (2) Obtain
segmentation masks using either augmentation models or
cross-attention maps; (3) Refine masks through edge de-
tection and filter out flawed masks; (4) Composite the in-
stance and background to create final images. However,
these methods have several issues. First, the generated im-
ages are not guaranteed to contain only one instance. Sec-
ond, the segmentation masks generated by cross-attention
are of poor quality. Lastly, the generated images are fil-
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Figure 5. Comparison of previous augmentation pipelines [39, 44] and our Gen-n-Val pipeline. (a) Pipeline of previous generative-
based augmentation methods [39, 44]. The process involves four steps: First, applying Stable Diffusion to generate images with a standard
prompt. Next, using augmentation models [44] or the relationship between visual and textual embeddings in cross-attention [39] to obtain

segmentation masks. Finally, filtering out flawed masks with hand-crafted rules.

(b) Pipeline of Gen-n-Val. The process begins with

optimizing system prompts of the Layer Diffusion [42] prompt agent (LLM) using TextGrad. The optimized prompts generate Layer
Diffusion [42] prompts, and Layer Diffusion [42] produces transparent instances and background images. A VLLM-based validation agent
filters flawed images, and multiple valid instances are pasted into other images. See Section 3 for more details.

tered by hand-crafted rules, such as thresholding, leading to
a large number of unqualified images, such as missing cor-
responding masks and incorrect object labels. In contrast,
our method can generate data with precise masks, correct
category, and the correct number of object instances, en-
hancing the performance of downstream tasks.

2.3. Generative Models and Agents

Layer Diffusion [42] is an approach for generating trans-
parent images. This method encodes the transparent al-
pha channel into the latent distribution of Stable Diffu-
sion [26, 29] to generate transparent images.

OpenAl released the Large Language Model (LLM),
GPT-4 [1], and the Vision Large Language Model (VLLM),
GPT-4V [24]. Inspired by GPT-4V, Liu et al. [22] introduce
Large Language-and-Vision Assistant (LLaVA), an open-
source VLLM based on the CLIP image encoder [27] and
the open-source LLM Vicuna [6]. Besides, Meta released
Llama [36] and Llama 3 [7], powerful language models that
perform exceptionally well across a wide range of language
understanding tasks, comparable to leading models such as
GPT-4. Moreover, Meta released Llama 3.2 [23], integrat-
ing vision capability into Llama and allowing it to process
visual inputs. To enhance the feedback provided by LLM,
Yuksekgonul er al. [41] propose TextGrad, a method to re-
fine system prompts by backpropagating textual informa-
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tion from outputs, encouraging precise answers.

With the development of LLMs, using them to de-
cide and solve various tasks has become a growing trend.
A common approach is to use LLMs to generate textual
“actions” or “decisions” for tasks. VISPROG [15] uses
GPT3 [4] to automatically generate programs that solve
complex visual tasks. ToolFormer [31] also uses GPT3
to decide which APIs to call for solving tasks. Hugging-
GPT [32] uses ChatGPT to choose models on HuggingFace
for solving complicated Al tasks. ReAct [40] combines rea-
soning and action steps, allowing LLM to make better de-
cisions and provide more reliable answers. Reflexion [33]
enhances LLM agents’ decision-making by using reflective
linguistic feedback stored in an episodic memory. Zheng et
al. [45] use GPT-4V as a web agent. Generative Agents [25]
introduce a system of generative agents that simulate realis-
tic human behaviors through memory, planning, and reflec-
tion, enabling interactive digital environments. In summary,
these methods demonstrate the growing power of LLMs to
integrate decision-making and execution, allowing more ro-
bust and adaptable Al solutions across diverse domains.

3. Method

To tackle the issues we discuss in Section 2.2, we lever-
age a Large Language Model (LLM) as the LD prompt
agent, a Vision Large Language Model (VLLM) as the data



validation agent, and Layer Diffusion (LD) to generate di-
verse and high-quality data, as shown in Figure 5b. First,
in the Open Vocabulary Prompt Generation stage, we
initiate the process by employing TextGrad [41] optimiza-
tion techniques to refine the quality and effectiveness of the
LD prompt agent’s system prompt, allowing the LD prompt
agent to generate diverse and high-quality prompts for LD.
The details are shown in Section 3.1. Second, during the
Foreground Image Generation stage, we utilize the LD
to generate transparent instance images. This step creates
isolated instance images, allowing us to generate segmen-
tation masks without manual annotation or additional seg-
mentation algorithms. The details are shown in Section 3.2.
Third, to ensure the quality of the generated images, we fil-
ter out flawed samples during the Image Filtering stage us-
ing the VLLM as the data validation agent, which is further
optimized with TextGrad. The details are shown in Sec-
tion 3.3. Finally, we randomly paste multiple instances into
background images. This step creates diverse scenes with
multiple instances, further augmenting the dataset.

3.1. Open Vocabulary Prompt Generation

Previous generative-based augmentation methods relied on
adding the word “single” to the prompt during the stage of
image generation to instruct the Stable Diffusion to generate
a single-object instance. This approach not only struggles
to keep the diffusion model focused on a single instance but
also accidentally allows other types of objects to appear in
the background due to the ambiguous concept of “single”.
The ideal Stable Diffusion prompts should be detailed and
specific with several components, including the object class,
action, environment setting, and other relevant details [34].
For example, Figure 5b demonstrates both the standard and
optimized prompts for image generation. For more exam-
ples, please refer to our appendix.

To generate optimized LD prompts, we need a high-
quality system prompt psys for the LD prompt agent A, |
(a LLM). Therefore, we leverage two other LLMs, a
prompt evaluator Epomp and a prompt validator Viompt, and
TextGrad [4 1] optimization techniques to optimize the sys-
tem prompt pgys. The system prompt generation process is
shown in Algorithm 1. First, we give the LD prompt agent
Ap,, an initial system prompt psy that instructs it to gener-
ate a prompt prp for the LD. Second, we evaluate the pp
using a prompt evaluator Epromp to determine the quality
of the prompt for LD. The prompt evaluator Epromp is a
second LLM which is asked to evaluate the quality of the
prompt generated by the LD prompt agent A,, ; and provide
a criticism in the form of a loss L. Third, with the loss L,
we optimize the initial system prompt using Text Gradient
Descent (TGD) [41] to generate a new optimized system
prompt pg,,. Fourth, we use the optimized system prompt
Peys to generate an optimized prompt py, for the LD model.
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Algorithm 1 Optimize System Prompt pyys of A

PLD

1: Input: initial system prompt py,, max iteration I
2. Initialize: decision d < False, iteration 7 < 0
3: whilenotdori < I do

4 pLp < Ay, (Dsys) {Generate LD prompt}

5. L < Epompt(pLp) {Evaluate prompt quality }

6:  pays < TGD(L) {Update system prompt}

7. pip ¢ Ap,(pys) {Generate refined LD prompt}
8 d < Viyompi(P{p) {Check if prompt is satisfactory}
9: if d then
10: break {Stop if validator accepts}

11:  else

12: Dsys ¢ Diys {Adopt refined system prompt}

13:  endif

14: end while=0

Finally, we validate the pj', to compare the quality with the
pLp- The prompt validator Vpromp is a third LLM that is
asked to evaluate the quality of the optimized prompt and
provide a decision d of whether replacing the initial prompt
with the optimized prompt at the next iteration is beneficial.

3.2. Foreground Image Generation

We propose a method that utilizes the LD to generate trans-
parent images of foreground instances along with precise
alpha masks. By employing the optimized prompts from the
Open Vocabulary Prompt Generation stage, we empower
the LD model to produce high-quality, single-object in-
stances that strictly adhere to the specified prompts. The
optimized prompts are input into the LD model to gen-
erate transparent images where each pixel contains both
RGB values and an alpha transparency channel. This trans-
parency channel inherently provides an accurate segmenta-
tion mask for the foreground object. Unlike previous meth-
ods, our approach eliminates the need for additional seg-
mentation algorithms, such as SAM [19], or manual an-
notation, as the alpha channel directly corresponds to the
object’s silhouette, resulting in precise and clean masks
aligned perfectly with the generated images.

The detailed and specific prompts generated by the LD
prompt agent A,, , include various attributes, such as object
class, style, color, texture, lighting, atmosphere, viewpoint,
and time period. By incorporating these attributes, we guide
the LD to produce a wide range of object appearances, in-
creasing the diversity of the generated instances. Prompt
conditioning and negative prompts are also used to guide
the model toward generating images that closely match the
desired characteristics while avoiding undesired elements.

While the LD generates high-quality transparent in-
stances, minor background noise may still be present in
the alpha channel due to imperfections in the diffusion pro-
cess. To mitigate this, we apply a median filter to the al-



pha channel of the images. The median filter effectively re-
moves isolated pixels and smooths the mask edges without
significantly altering the overall shape of the object. This
post-processing step ensures that the segmentation masks
are clean and accurately represent the foreground instances.

3.3. Image Filtering

Despite the improvements achieved through optimized
prompts and the use of the LD, some generated images may
still contain flaws, such as missing the target object, fea-
turing multiple instances when only one is desired, incor-
rect object categories, or poor visual quality, as shown in
Figure 4. To further enhance the quality of our synthetic
dataset, we employ the VLLM as a data validation agent to
automatically filter out these flawed images.

Similar to our approach in optimizing prompts for the
LD, we apply the TextGrad optimization technique to re-
fine the system prompts of the data validation agent. By
optimizing the data validation agent’s system prompts, we
enhance its ability to evaluate and identify flaws in the gen-
erated images. The optimized prompts guide the data vali-
dation agent to focus on specific criteria essential for high-
quality instance segmentation data, such as the presence of
a single, correctly categorized object, and the cleanliness of
the transparent background in the foreground images.

The data validation agent is tasked with analyzing gen-
erated images to assess their suitability for inclusion in the
dataset. Here, c represents the object category. The key
criteria encoded into the data validation agent through the
optimized system prompt include:
¢ Single ¢: The image should contain only one c.

* Single View: The c should be shown from a single angle
or perspective.

¢ Intact c: The c should be intact and fully visible.

 Plain Background: The background should be empty or
plain, without distracting elements.

4. Experiments

To demonstrate the enhancement of detection models af-
ter applying our methods, we evaluate on two challenging
benchmarks, COCO [21] and LVIS [14]. COCO dataset
is a large-scale dataset designed for object detection, seg-
mentation, and captioning, containing 330K images with
1.5M object instances labeled across 80 categories. The
LVIS dataset uses the same images as COCO but provides
more detailed and partitioned annotations across 1,203 cat-
egories, offering finer classification. To quantify this im-
provement, we compute mean Average Precision (mAP)
as our evaluation metric. We use Meta-LLaMA-3.1-8B-
Instruct as the LD prompt agent and Meta-LLaMA-3.2-
11B-Vision-Instruct as the data validation agent. We ap-
ply Copy-Paste [8] in all YOLO experiments except for the
baseline. For more details, please refer to our appendix.

8791

Table 1. LVIS [14] instance segmentation and object detection
benchmark. We borrow numbers of Mask R-CNN [16] and Mo-
saicFusion [39] from MosaicFusion [39].

Method | mAP™  mAPl, mAP™*  mAPRS
Mask R-CNN (baseline) 22.5 9.1 21.7 9.6
MosaicFusion [39] 24.0 14.8 23.1 15.2
Gen2Det [35] 244 15.4 23.6 153
Gen-n-Val (Ours) 26.8 16.1 25.6 17.2
versus baseline +4.3 +7.0 +3.9 +7.6
YOLOI1 1m (baseline) 12.9 8.3 10.3 6.5
Copy-Paste [8] 12.9 8.2 10.4 6.7
Gen-n-Val (Ours) 17.2 13.0 14.5 10.1
versus baseline +4.3 +4.7 +4.2 +3.6
CenterNet2 (baseline) 47.5 41.4 42.3 36.8
XPaste [44] 50.1 48.2 44.4 43.3
DiverGen [11] 51.2 50.1 45.5 45.8
Gen-n-Val (Ours) 51.5 55.6 45.9 48.3
versus baseline +4.0 +14.2 +3.6 +11.5

Table 2. Effect of flattening the LVIS [14] class distribution. By
augmenting images with additional instances, we enforce a mini-
mum of 10-1000 images per class, which substantially boosts per-
formance on rare categories and improves overall accuracy. Min.
img./cls.: the minimum number of images per class. Add. inst.:
the number of added instances.

Min. img/cls. | Add. inst. | mAP™ mAPLy, mAP™*  mAPRak

Original 0 22.5 9.1 21.7 9.6

10 1,874 23.1 9.8 225 10.5

100 60,306 24.2 13.5 23.4 147

1000 727,393 26.8 16.1 25.6 17.2
4.1. LVIS Benchmark

We train Mask R-CNN [16], YOLO11m [18], and Center-
Net2 [46] on the LVIS training set. As shown in the right
part of Figure 1, the LVIS training set exhibits a highly long-
tailed category distribution, where most categories appear in
only a few images. To balance this distribution, we generate
727,393 instances and paste them onto LVIS images until all
1,203 categories reach at least 1,000 images. For rare cate-
gory analysis, we adopt the category frequency annotations
provided by LVIS. We evaluate on the LVIS validation set.
The results are shown in Table 1. Compared to the baseline,
our method improves the mAP by 4.3% for box prediction
and 3.9% for mask prediction on Mask R-CNN, by 4.0%
for box prediction and 3.6% for mask prediction on Center-
Net2, and by 4.3% for box prediction and 4.2% for mask
prediction on YOLO11m. Rare-category mAP is also sig-
nificantly improved over the baselines.

4.2. Distribution Balancing of LVIS

To investigate Gen-n-Val’s ability to balance the long-tailed
distribution of LVIS, as shown in Figure 1, we progres-
sively “fill” the tail of the distribution by generating ad-
ditional synthetic instances for under-represented classes.
Concretely, starting from the original LVIS distribution, we



Table 3. COCO [21] instance segmentation and object detec-
tion benchmark with YOLO9c¢ [37] and YOLO11m [18].

Method | mAP™  mAPYY, mAP™* mAPLR
YOLOVY9c (baseline) 50.1 52.8 41.3 45.1
Copy-Paste 50.9 53.1 42.1 46.8
MosaicFusion 514 53.6 42.7 479
Gen-n-Val 51.9 54.4 434 48.7
versus baseline +1.8 +1.6 +2.1 +3.6
YOLOI11m (baseline) 49.6 51.9 39.8 45.4
Copy-Paste 50.0 52.1 41.5 47.1
MosaicFusion 50.6 54.3 42.0 48.1
Gen-n-Val 51.7 55.4 429 49.0
versus baseline +2.1 +3.5 +3.1 +3.6

construct three variants of the training set by enforcing dif-
ferent lower bounds on the number of images per class: (1) a
mild setting where we up-sample rare categories so that ev-
ery class appears in at least 10 images, (2) a stronger setting
that further densifies the common categories until each class
has at least 100 images, and (3) an aggressive setting where
we continue to generate instances until all 1,203 categories
reach at least 1,000 images. These three stages correspond
to injecting 1.8K, 60.3K, and 727K additional instances, re-
spectively, and balance the long-tailed distribution as shown
in Figure 1. As demonstrated in Table 2, Gen-n-Val leads to
consistent performance gains for Mask R-CNN: mask mAP
improves from 21.7 to 22.5, 23.4, and 25.6, while rare-
category mask mAP increases from 9.6 to 10.5, 14.7, and
17.2. Overall, enforcing 10~1,000 images per class trans-
lates into +0.8~+3.9 mAP on all categories and +0.9~+7.6
mAP on rare categories, demonstrating that Gen-n-Val ef-
fectively balances LVIS and benefits tail classes.

4.3. COCO Benchmark

We train YOLOv9c [37] and YOLOI11m [18] using the
COCO dataset and our 16K synthetic dataset, and evalu-
ate on the validation set. We choose the 10 least frequent
categories as rare categories and the remaining 70 cate-
gories as common categories. We use a synthetic back-
ground image and paste instances with image harmoniza-
tion [38]. We compare our method with the baseline
YOLOvV9c, YOLO11m, and Copy-Paste. As shown in Ta-
ble 3, Gen-n-Val outperforms the baseline and other meth-
ods, achieving the highest mAP scores for both box and
mask predictions. Compared to the baseline, our method
improves the mAP by 1.8% for box prediction and 2.1% for
mask prediction on YOLOv9c, and by 2.1% for box pre-
diction and 3.1% for mask prediction on YOLOI11m. Fur-
thermore, rare-category mask mAP improves by 3.6% on
YOLOV9c and by 3.6% on YOLOI11m, demonstrating the
effectiveness of our method. These results demonstrate the
effectiveness of our synthetic data generation approach.
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Table 4. COCO [21] open-vocabulary object detection.

Method | mAP*™  mAPhn,
YOLO-Worldv2-M 42.7 20.6
YOLOI11m w/ Gen-n-Val | 49.8 255

Table 5. Ablation results on YOLO11m [18] trained with syn-
thetic data on COCO [21]. We evaluate the effects of Layer Dif-
fusion [42] prompt optimization (p;p), VLLM filtering (VLLM),
median filtering (Med.), and Copy-Paste [8] (C-P).

pip VLLM Med. C-P | mAP"™ mAP™*
v v v 48.8 39.2
v v v 51.5 42.0
v v v 51.5 422
v v v 51.2 427
v v v v 51.7 429

4.4. Open-Vocabulary Object Detection

We train YOLOI1 1m using the COCO dataset and our 16K
synthetic dataset, which includes 80 categories from the
COCO dataset and 10 additional categories from the LVIS
dataset, and evaluate on the 5K-image COCO/LVIS vali-
dation set for open-vocabulary object detection. Ten LVIS
categories are selected as novel categories in the validation
set, and the whole COCO dataset is used as the training
set. We compare our method with the baseline YOLO-
Worldv2-M [5], which is an advanced real-time object de-
tection model that enhances the YOLO framework with
open-vocabulary capabilities. As shown in Table 4, com-
pared to the baseline, Gen-n-Val improves mAP by 7.1%
for box prediction and by 4.9% on novel categories with
YOLO11m, demonstrating the effectiveness of our method
on open-vocabulary object detection.

4.5. Ablation Studies

We conduct an ablation study on COCO by comparing
YOLO!11m with and without prompt optimization, VLLM
filtering, median filtering, and Copy-Paste. As shown in
Table 5, prompt optimization provides the largest gain, im-
proving mAP by 2.9% for object detection and 3.7% for
instance segmentation. On top of that, VLLM filtering im-
proves mAP by 0.2% and 0.9%, respectively. Median filter-
ing yields an additional 0.2% and 0.7% mAP improvement,
while Copy-Paste brings another 0.5% and 0.2% mAP gain
for object detection and instance segmentation.

4.6. Model Scalability

To comprehensively evaluate our method across different
model scales, we evaluate Gen-n-Val on the COCO dataset
using the YOLOV9 and YOLO11 family models, which are
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Figure 6. Qualitative comparison of ground truth, baseline model, and model trained on Gen-n-Val.
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Figure 7. The instance segmentation performance of
YOLOVY9 [37] and YOLO11 [18] family models. As the size
of the model increases, performance improves. Gen-n-Val is ef-

fective with all family models.

Table 6. The scalability of synthetic data. As the size of the
dataset increases, performance improves.

Size | mAP*™  mAPEY,  mAP™k  mAPmk
4K 50.8 54.6 422 48.3
8K 51.1 55.0 425 48.6
16K | 517 55.4 42.9 49.0
20K | 520 55.6 43.0 49.2

state-of-the-art in the YOLO series. In the instance seg-
mentation task, as shown in Figure 7, Gen-n-Val yields sig-
nificant performance improvements over the baseline mod-
els, with the most notable improvement observed being a
+3.1% mask mAP gain on YOLO11m.

4.7. Data Scalability

To comprehensively evaluate our method across different
data scales, we trained YOLO11m on the COCO dataset
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and varying sizes of synthetic data, generating the same 80
classes as in the COCO dataset (4K, 8K, 16K, and 20K),
and evaluated it on the COCO. The results in Table 6 show
our model’s scalability with increasing dataset size.

4.8. Qualitative Results

We present qualitative comparisons between the ground
truth, baseline model outputs, and Gen-n-Val outputs, eval-
uated using the YOLO11m. As shown in Figure 6, the base-
line model fails to segment the person in the driver’s seat of
the truck and the car behind the truck. In contrast, Gen-n-
Val accurately segments both the person and the car. This
result highlights the effectiveness of Gen-n-Val. For more
results, please refer to our supplementary material.

5. Conclusion

In this work, we introduce a novel agentic framework, Gen-
n-Val, for generating synthetic data, allowing us to cre-
ate high-quality, diverse, and precisely annotated synthetic
datasets. By leveraging Layer Diffusion (LD), Large Lan-
guage Model (LLM), and Vision Large Language Model
(VLLM), Gen-n-Val significantly enhances the quality and
usability of synthetic data. The framework consists of two
key agents, the LD prompt agent (a LLM) and the data val-
idation agent (a VLLM). The LD prompt agent optimizes
the prompt for LD to generate high-quality images and seg-
mentation masks. The data validation agent filters out fail-
ure cases of image instances. Our experiments demon-
strate that Gen-n-Val outperforms previous data synthesis
approaches in instance segmentation and object detection,
and scales with dataset size. On LVIS, Gen-n-Val further
serves as an effective mechanism for addressing long-tailed
category imbalance; it substantially flattens the class dis-
tribution. This work highlights the potential of leveraging
LLM- and VLLM-based agents not only to improve syn-
thetic data quality, but also to mitigate data imbalance in
large-vocabulary computer vision datasets.
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