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Abstract

Generative models are widely used to produce synthetic im-
ages with annotations, alleviating the burden of image col-
lection and annotation for training deep visual models. How-
ever, challenges such as limited image diversity, noisy pseudo
labels, and domain gaps between synthetic and real images
often undermine their effectiveness in downstream visual
tasks. This paper introduces the Iterative Self-Training with
Class-Aware Text-to-Image Synthesis (IST-CATS) frame-
work, which addresses these challenges by integrating a
class-aware text-to-image synthesis (CATS) component with
an iterative self-training (IST) strategy. CATS innovatively in-
troduces a class-aware chain approach to generate detailed
descriptions. These descriptions act as prompts for a dif-
fusion model, enabling the creation of a diverse of images
accompanied by distinguishable objects against the back-
ground. The generated images can be easily pseudo-labeled
by an unsupervised instance segmentation method, and then
noisy pseudo labels can be effectively purified by a novel
feature similarity-based filtering mechanism. The generated
images underpin our IST, which progressively enhances vi-
sion models and refines pseudo labels through self-training
and our proposed label filtering strategy (LabFilt). LabFilt
meticulously improves the quality of pseudo labels by em-
ploying class-adaptive techniques at both the pixel and ob-
ject levels, ensuring refined pseudo-label accuracy. IST-CATS
demonstrates superior performance in object detection and
semantic segmentation compared to traditional synthetic and
semi/weakly-supervised methods, effectively addressing data
collection and annotation challenges.

Introduction
Existing data-hungry deep vision models typically demand
extensive images with precise annotations to achieve no-
table advancements. However, manually annotating large-
scale training images at the pixel or bounding box level is
extremely labor-intensive and poses significant challenges
for humans to provide consistent labeling quality. In re-
cent years, advancements have been made in alleviating
the manual burden of image annotation through the de-
velopment of semi-supervised (Shehzadi et al. 2024; Sun
et al. 2024) and weakly-supervised (Feng et al. 2024; Yoon
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(b) Synthetic images and segmentation masks generated by our method

(a) Synthetic images and segmentation masks generated by DiffuMask

Figure 1: Comparing synthetic images generated by our
method with those from DiffuMask (Wu et al. 2023b).

et al. 2024) learning techniques for visual tasks. However,
semi-supervised techniques rely on annotated images and
require similar domain distributions for labeled and unla-
beled datasets. Meanwhile, weakly-supervised approaches
may overlook detailed spatial information inherent in an-
notations, potentially compromising model precision. Some
researchers (Wu et al. 2019; Zheng and Yang 2021) have
also explored using synthetic images generated by 3D mod-
els or game engines to train vision models. Nevertheless, the
creation of virtual scenes and 3D models still demands sig-
nificant involvement from skilled professionals.

Artificial Intelligence Generated Content (AIGC)
presents an appealing solution to diminish the dependence
on manually annotated data for visual model training.
Certain studies (Bosquet et al. 2023; Yang et al. 2024b)
have leveraged Generative Adversarial Networks (GANs)
to produce training data for object detection or semantic
segmentation, thus minimizing the need for manual an-
notation. However, GAN-based approaches often struggle
to generate high-quality realistic images, which can limit
the performances of the trained models. Recently, the
advent of text-to-image diffusion models (Rombach et al.
2022; Yang et al. 2024a) offers a promising alternative,
capable of generating highly realistic images from detailed
textual descriptions. Such models, exemplified by initiatives
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like DiffuMask (Wu et al. 2023b), DiffusionSeg (Ma
et al. 2023), and Dataset diffusion (Nguyen et al. 2024)
have demonstrated their potential in generating synthetic
datasets complete with precise annotations (pixel-level
or bounding-box annotations) by utilizing concise text
prompts. Despite reducing image generation and annotation
costs, these approaches face several key challenges: 1)
Image Diversity: Simplistic text prompts limit the variety
of generated images, leading to visually similar outputs
within the same category, as shown in Figure 1(a); 2) Label
Quality: Coarse labels (e.g., incomplete mask and excessive
mask in Figure 1(a)) produced by generative models can
adversely affect model performance and generalization;
3) Domain Gap: Data generated by generative models
typically rely on features from the training set, while real
images exhibit more variability. This distribution shift
causes discrepancies between generated and real images,
affecting the performance of models.

In addressing these challenges that beset visual task learn-
ing, particularly in scenarios where labeled images are
scarce or costly to obtain, this paper introduces a novel
approach termed Iterative Self-Training with Class-Aware
Text-to-Image Synthesis (IST-CATS). IST-CATS employs
class-aware text-to-image synthesis (CATS) to generate di-
verse synthetic images with annotations and incorporates it-
erative self-training (IST) to improve the precision of the
generated annotations and the performance of the visual
model iteratively. At the core of CATS is a class-aware chain
method that produces detailed image descriptions, ensur-
ing that the generated images are not only diverse but also
conducive to the segmentation of objects from their back-
grounds. To attain pseudo labels, an unsupervised instance
segmentation model is employed alongside a noise filtering
mechanism predicated on feature similarity. A critical im-
pediment to the efficacy of visual models trained on syn-
thetic images is the domain gap that often exists between
synthetic and real images, which can severely limit the mod-
els’ generalization capabilities. To this end, we propose an
iterative self-training (IST) strategy for training visual mod-
els on synthetic images. This strategy progressively refines
both the model and pseudo labels through self-training and
LabFilt, improving the performance of downstream visual
tasks. LabFilt improves pseudo-label quality at both pixel
and object levels through class-adaptive filtering mecha-
nisms. The contribution of our framework is three-fold:

• We propose a class-aware text-to-image synthesis
(CATS) component that automatically generates diverse
synthetic images with accurate annotations, effectively
addressing the laborious and time-intensive challenges of
data collection and annotation in visual tasks.

• An iterative self-training (IST) strategy is developed
to progressively optimize the model and pseudo la-
bels through self-training and LabFilt. LabFilt enhances
pseudo-label quality at pixel and object levels by employ-
ing class-adaptive filtering mechanisms.

• Extensive experiments on PASCAL VOC (Everingham
et al. 2010) and MSCOCO (Lin et al. 2014) show that
IST-CATS outperforms most existing synthetic, semi-

supervised, and weakly-supervised methods in object de-
tection and semantic segmentation.

Related Works
Text-to-Image Diffusion Models. Text-to-image diffusion
models represent a new revolution in the field of image gen-
eration, bringing significant innovations and enabling the
creation of high-quality images. Successful examples in-
clude LDMs (Rombach et al. 2022), Muse (Chang et al.
2023), and CONPREDIFF (Yang et al. 2024a). Although
these methods can generate high-quality images that closely
resemble the real world, they cannot directly generate im-
ages with bounding-box or pixel-level annotations. In this
paper, we propose a class-aware text-to-image synthesis
framework for automatically generating high-quality images
with bounding-box and pixel-level annotations, aiming to al-
leviate the burden of data collection and annotation.
Synthetic Image Generation for Vision Tasks. To mitigate
the extensive annotation requirements in vision tasks, image
synthesis has emerged as a key strategy for generating la-
beled datasets. Early approaches focused on using synthetic
images from 3D models or game engines for training vi-
sion models (Wu et al. 2019; Zheng and Yang 2021). Later,
GANs were employed to create synthetic datasets, reducing
reliance on manual annotation (Bosquet et al. 2023; Yang
et al. 2024b). However, these methods often require expert
input for 3D scene creation and tend to generate images fo-
cused on isolated objects, failing to capture the complex-
ity of natural environments. More recently, diffusion models
have demonstrated strong capabilities in generating diverse
datasets for vision tasks, with notable works such as Dif-
fuMask, DiffusionSeg, and Dataset diffusion. Despite this
progress, previous methods have not fully explored the po-
tential of sophisticated text-prompting strategies, limiting
the diversity of generated images. Our approach leverages
Large Language Models (LLMs) to generate more nuanced
prompts, enabling the creation of a broader and more var-
ied image set, thereby enhancing the performance of vision
models through a richer training dataset.
Learning with Noisy Labels. Most existing methods for
training models based on noisy labels typically involve cor-
recting the loss function (Ma et al. 2020; Jiang et al. 2021),
or implementing robust regularization techniques (Shorten
and Khoshgoftaar 2019; Liu et al. 2022) to mitigate the im-
pact of noisy labels on model performance. However, the
task of designing a dependable metric to identify noise-
affected samples is fraught with difficulties, often leading to
the accumulation of errors due to incorrect sample classifi-
cation. Recent studies have explored sample selection (Yang
et al. 2022; Zhang et al. 2022), which seek to isolate accu-
rately labeled examples from noisy data, thereby improving
model performance. Despite their efficacy, they face chal-
lenges in excluding low-quality pseudo labels, particularly
those associated with complex images. Our method, LabFilt,
diverges from existing approaches by introducing a dual-
strategy filtering mechanism that operates at both the pixel
and object levels. LabFilt employs class-adaptive filtering
techniques to meticulously refine pseudo labels, enhancing
the precision of the training data.
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Figure 2: The framework of the proposed IST-CATS.

Methodology
As shown in Figure 2, IST-CATS consists of a class-aware
text-to-image synthesis (CATS) component and an iterative
self-training (IST) strategy with LabFilt. The CATS aims to
generate diverse images with accurate annotations to reduce
data collection and labeling efforts. IST leverages these gen-
erated images to progressively optimize downstream visual
models and pseudo labels, mitigating domain gaps between
generated and real data to enhance model robustness. Lab-
Filt dynamically purifies pseudo-label quality through class-
adaptive filtering mechanisms at pixel and object levels.

Class-aware Text-to-image Synthesis Strategy
To effectively support downstream vision tasks, text-to-
image synthesis must address two key challenges: image di-
versity and label quality. To this end, we propose a novel
class-aware text-to-image synthesis (CATS) strategy con-
sisting of two main stages: preparing text prompts for la-
tent diffusion models and generating synthetic images with
annotations. Initially, for a given thematic target, we de-
sign an innovative class-aware chain approach to create de-
tailed and diverse descriptions via LLMs. These are then
input into LDMs, which produce high-quality images with
varied appearances and clear distinctions from their back-
grounds. Next, we use an unsupervised instance segmenta-
tion model and our feature similarity-based filtering mech-
anism to generate high-quality pseudo labels, and apply a
copy-paste strategy (Ghiasi et al. 2021) to synthesize images
with complex backgrounds, enhancing dataset realism.
Preparing Text Prompts for Latent Diffusion Models.
Most existing methods (Wu et al. 2023a; Yoshihashi et al.
2023) rely on straightforward text prompts to generate im-
ages. They typically employ a “Direct Generation” strategy,
where generic category labels like “bird” are slotted into
predefined templates to craft image descriptions. This ap-

proach often fails to capture the diverse range of objects
(e.g., “Black-footed Albatross”) in the real world, resulting
in visually similar images within the same category and re-
ducing both the diversity of generated data and the general-
ization capability of downstream visual tasks. To this end,
we introduce a class-aware chain approach, depicted in Fig-
ure 2 as Chain Generation. This approach initially utilizes
templates filled with a class label to generate fine-grained
subcategories through an LLM. The next round will refine
these subcategories into detailed image descriptions, thus
enhancing the diversity and specificity of the generated im-
ages. To make the generated image easy to segment, we add
a cue for a clean background in the prompt. This approach
mitigates the limitations associated with broad class prompts
and facilitates a richer diversity of image outputs.
Synthetic Image Generation. After generating detailed tex-
tual descriptions, we input them into LDMs to create high-
quality images with clear object-background separation. We
then use the unsupervised instance segmentation model Cut-
LER (Wang et al. 2023) to extract object masks. Despite ef-
forts to ensure clean backgrounds, CutLER may still pro-
duce low-quality masks.

To further enhance segmentation quality, we introduce
a noisy data filtering strategy based on feature similarity.
Given an object feature cropped from its mask, if its fea-
tures are very inconsistent with the full-image features, it
can be suggested that the object mask may be missing es-
sential parts of the semantic object. Conversely, if it is too
similar to the image features, it might indicate that the mask
has included too much of the background, making it not truly
representative of the object alone. To implement this, we use
the pre-trained VGG16 (Simonyan and Zisserman 2014) for
feature extraction and compute the cosine similarity between
the full-image and cropped-object features.

sci = cos sim(V GG16(Ii), V GG16(Oc
i )), (1)

10196



where sci is the similarity between the image Ii and the ob-
ject Oc

i cropped from its mask in class c, V GG16(·) will
output 4096-dimension feature vectors and cos sim(·) sig-
nifies cosine similarity. To identify and exclude outliers, we
establish thresholds using the mean and standard deviation
of these similarity scores across the dataset:

LabStatusci =
{
Positive, if |µc − σc|<sci< |µc + σc| ,
Negative, otherwise,

where µc =
1

N c

Nc∑
i=1

sci , σc =
1

N c

Nc∑
i=1

(sci − µc)
2

(2)
Here µc denotes the mean of all images in class c, σc rep-
resents the variance, and N c is the total number of images
for class c. LabStatusci indicates whether the label of the ob-
ject in image Ii from class c should be retained (Positive) or
removed (Negative), ensuring that only the most representa-
tive and highest-quality labels are used for training.

To create a training dataset with complex backgrounds,
we employ a copy-paste strategy that merges generated ob-
ject images with various background scenes. This strategy
not only increases dataset complexity but also enhances the
model’s ability to discern and understand the relationships
between objects and their environments, deepening its com-
prehension of common semantic themes.

Image Ground Truth Pseudo Label
(b) Object-Level Noise

(a) Pixel-Level Noise
Image Ground Truth Pseudo Label

Figure 3: Pseudo labels may introduce noise at both pixel
and object levels. (a) Pixel-level noise occurs when pseudo
labels mix objects with labels from other categories. (b)
Object-level noise arises when objects in pseudo labels are
incorrectly classified as other categories.

Iterative Self-Training
Domain gaps between synthetic and real images can hin-
der visual model generalization. We propose iterative self-
training (IST) to bridge this gap, thereby improving the per-
formance of downstream visual tasks. The framework of the
IST is outlined in Figure 2. In this process, a segmenter and
detector are utilized to respectively generate pixel-level and
bounding-box pseudo labels for the unlabeled real images.
We have developed an innovative label filtering strategy,
termed LabFilt, to enhance the fidelity of these pseudo la-
bels. The models for segmentation and detection are trained
iteratively, employing both synthetic and refined pseudo-
labeled real images. More specifically, our IST takes both

synthetic data and unlabeled images as inputs. Initially, we
train segmentation and detection models on synthetic data
Sl =

{
(xl

i, y
l
i, z

l
i)
}N

i=1
, where N indicates the number of

synthetic images, yli and zli represents the pixel-level and
bounding-box annotations of the ith image xl

i, respectively.
Such models are then utilized to generate pseudo labels (i.e.,
pixel-level pseudo labels and bounding-box pseudo labels)
for unlabeled images Tu = {xu

i }
M
i=1, where M is the num-

ber of unlabeled images. Subsequently, LabFilt is employed
to filter noisy pseudo labels. Afterward, the segmentation
and detection networks are trained on a combination of syn-
thetic data and unlabeled images with pseudo labels. This
iterative cycle is designed to continuously refine the pseudo
labels and optimize the models’ performance. To avoid over-
fitting, the model weights are trained from scratch, with the
initialization parameters set to pre-trained weights on Ima-
geNet (Deng et al. 2009) in each round.

Label Filtering
During the training of models for generating pseudo labels
from synthetic data, notable discrepancies between synthetic
and real images can lead to the production of noisy pseudo
labels for real images. We categorize this noise into two lev-
els, pixel-level and object-level, as depicted in Figure 3. To
counteract the detrimental impact of these noisy labels on
model performance, we develop a label filtering strategy,
LabFilt, which includes both class-adaptive pixel-level and
object-level pseudo-label filtering mechanisms.
Class-adaptive Pixel-level Pseudo-label Filtering. Tradi-
tional methods (Zoph et al. 2020; Feng et al. 2022) often
involve manually setting confidence thresholds to filter out
noise in pseudo labels, a process that can be imprecise and
inconsistent due to the varying characteristics of different
pixel categories. To tackle this issue, our approach involves
a class-adaptive mechanism where we dynamically calculate
the mean and variance of the confidence scores for all pix-
els within each class during each iteration of the IST. We
then establish a filtering threshold based on the difference
between the mean and the variance to selectively remove
noisy pixels, thereby enhancing pseudo-label accuracy. The
formula for this threshold is given by:

Tp
c = µp

c − σp
c ,

where µp
c =

1

M c

Mc∑
i=1

pci , σ
p
c =

1

M c

Mc∑
i=1

(pci − µp
c)

2,
(3)

where µp
c represents the average confidence score of all pix-

els in class c across all unlabeled images, while σp
c denotes

the variance of these scores. The total number of pixels in
class c is given by M c, and pci is the confidence score for the
ith pixel. T p

c is the adaptive threshold of class c. The confi-
dence score of the pseudo label of the cth class pixel is lower
than T p

c to reclassify it into the background class.
This filtering mechanism is effective because segmenta-

tion models typically provide accurate predictions for the
majority of data; hence, the mean serves as a robust filter for
removing noise within pseudo labels. Nevertheless, the iter-
ative nature of the training process can sometimes introduce
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variability, potentially leading to inflated average confidence
values µp

c . To accommodate this, we adjust the threshold by
using the mean minus the variance, ensuring a more rigor-
ous exclusion of noisy pixels. This class-adaptive pixel-level
threshold significantly boosts the filtering capabilities of our
approach, ensuring that only the most reliable pseudo labels
are used for model training.
Class-adaptive Object-level Pseudo-label Filtering.
While much research has focused on pixel-level pseudo-
label filtering, the filtering of noisy objects at the object
level has often been overlooked. For example, Figure 3(b)
illustrates a case where the model misidentifies a “person”
as a “motorbike”. To address this issue, we introduce a
class-adaptive object-level pseudo-label filtering strategy.
In each iteration of the IST, we calculate the mean and
variance of confidence scores for all objects within each
class in the pseudo boxes generated by the detection model.
We then use the disparity between the mean and variance as
the threshold to eliminate noisy pseudo labels at the object
level. The threshold formula is as follows:

To
c = µo

c − 2 ∗ σo
c ,

where µo
c =

1

Kc

Kc∑
i=1

oci , σ
o
c =

1

Kc

Kc∑
i=1

(oci − µo
c)

2
(4)

where µo
c is the average confidence score for all objects of

class c, σo
c denotes the variance, and Kc is the total number

of objects for class c in all pseudo labels. T o
c is the adap-

tive threshold of class c. To ensure sufficient training data,
if the confidence score of at least one object in an image
exceeds the threshold, the image and all its pseudo labels
are retained. This approach emphasizes the use of LabFilt
to filter pseudo labels consistently across both the detection
and segmentation task training phases, employing the same
training data for both tasks.

Experimental
Experimental Setup
Datasets and Evaluation Metrics. Due to the dual capa-
bilities of our IST-CATS, which encompasses both seman-
tic segmentation and object detection tasks, we evaluate the
performance of our method separately using datasets tai-
lored to each task in our experiments. To evaluate the perfor-
mance of our IST-CATS in semantic segmentation tasks, we
utilize category information from the PASCAL VOC 2012
and MSCOCO datasets as inputs for our class-aware text-to-
image synthesis framework, resulting in the creation of the
Syn-VOC and Syn-COCO datasets. The Syn-VOC dataset
consists of 51, 924 images with 20 object classes, which are
further divided into 46, 731 training images and 5, 193 val-
idation images. The Syn-COCO includes 154, 092 images
with 80 object classes, and it is split into 138, 682 training
images and 15, 410 validation images. In this paper, we em-
ploy the mean Intersection-over-Union (mIoU) as a metric
to evaluate the segmentation results on the PASCAL VOC
2012 and MSCOCO datasets. Regarding object detection
tasks, our evaluation focused on the PASCAL VOC 2007
and 2012 test sets, as well as the MSCOCO val set. Drawing

Segmenter Text Prompt mIoU

DeepLabv3plus+SDA Direct Generation 39.4
DeepLabv3plus+SDA+CRF Direct Generation 39.9
DeepLabv3plus+SDA Chain Generation 48.2
DeepLabv3plus+SDA+CRF Chain Generation 48.7

Table 1: Performance of different text prompt selections.
Both Direct Generation and Chain Generation use 46,731
training images and 5,193 validation images.

inspiration from prior research (Yin et al. 2023; Feng et al.
2024), we employ Average Precision (AP) and mean Av-
erage Precision (mAP) as metrics to evaluate the detection
results. A prediction is considered a true positive only when
the Jaccard overlap between the predicted bounding box and
the corresponding ground-truth box exceeds 0.5.
Implementation Details. In our experiment, the models
are trained on an NVIDIA RTX 2080 Ti GPU using
PyTorch. We employ the pretrained ResNet101 on Ima-
geNet as the backbone for the segmentation network (i.e.,
DeepLabv3+ (Chen et al. 2018)). The network is trained
with mini-batch stochastic gradient descent (SGD) using
a batch size of 8, weight decay of 0.0002, and momen-
tum of 0.9 over 60 epochs. We apply data augmentation
techniques such as random horizontal flipping and random
cropping, which resized the images to 513 × 513. More-
over, we integrate strong data augmentations (SDA) (De-
Vries and Taylor 2017) into the training images to introduce
a more challenging optimization objective, thus enhancing
the model’s generalization capabilities. The initial learning
rate for DeepLabv3+ is set to 4e−3 and decreases gradu-
ally using polynomial decay with a power of 0.9. During
inference, we apply multi-scale testing and use conditional
random field (CRF) with the hyperparameters recommended
in (Chen et al. 2014) for post-processing. For object detec-
tion, we utilize YOLOv5x (Jocher et al. 2021) as our detec-
tor. During training, we opt for a batch size of 16 and initial-
ize the learning rate to 0.00334, alongside a weight decay
of 0.00025 and momentum of 0.74832. Input images are re-
sized to 512× 512 pixels, and training lasts for 50 epochs.

Ablation Studies
To evaluate the effectiveness of IST-CATS, we conduct ab-
lation experiments on the PASCAL VOC dataset.
Comparison of Various Text Prompt Templates. In Ta-
ble 1, we compare different text prompt selection methods.
We find that the descriptive sentences generated for the tar-
get by Chain Generation can significantly improve the per-
formance of the semantic segmentation compared to using
Direct Generation. This is mainly attributed to the diverse
and rich data generated with the assistance of the text de-
scriptions produced by Chain Generation, which enhances
the robustness of the model.
Effectiveness of Synthetic Images. We verify the effective-
ness of synthetic data from two perspectives: 1) As shown
in Table 2, the model trained on a combination of both sim-
ple and synthetic data exhibits significantly enhanced per-
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Datasets Training Val mIoU 07-mAP50 12-mAP50

Sim 20,769 5,193 35.4 53.3 49.6
Syn 20,769 5,193 39.5 54.4 52.0
Sim&Syn 46,731 5,193 48.7 63.9 57.3

Table 2: Performance of various synthetic data on PAS-
CAL VOC with DeepLabv3plus+SDA+CRF for segmenta-
tion and YOLOV5x for detection.

Number of Images mIoU 07-mAP50 12-mAP50

6492 (5842+650) 46.8 57.9 55.6
12982 (11683+1299) 47.4 58.5 56.2
25963 (23366+2597) 47.6 59.2 56.5
51924 (46731+5193) 48.7 63.9 57.3

Table 3: Comparing the performance of our method under
different numbers of synthetic images.

formance compared to those trained solely on either sim-
ple or synthetic data. One potential reason for this perfor-
mance enhancement may lie in the enriched diversity and
increased data volume resulting from the fusion of simple
and synthetic data in the training set. In Table 2, the abbre-
viations “Sim”, “Syn”, and “Sim&Syn” refer to “Simple”,
“Synthetic”, and “Simple & Synthetic” respectively; 2) We
investigate the influence of the quantity of synthetic data
on performance. We train visual models using 12.5%, 25%,
50%, and 100% of images from the Syn-VOC dataset, re-
spectively, and test them on the PASCAL VOC dataset. Ac-
cording to the results presented in Table 3, we can observe
that the performance of the models gradually improves as
the number of training images increases.
Effectiveness of Data Selective. To validate the potential
effectiveness of our LabFilt, we compare the impact on net-
work performance of removing noisy pseudo labels using
LabFilt, removing noisy pseudo labels using class-adaptive
pixel-level pseudo labels filtering (Filt-PL), and not remov-
ing noisy pseudo labels. Experimental results, as presented
in Table 4, demonstrate that LabFilt significantly enhances
performance. This is attributed to LabFilt’s effective use
of class-adaptive techniques at both pixel and object lev-
els, which enhances the quality of pseudo labels and con-
sequently improves model performance.
Analyzing the Impact of Different Models. We conducted
experiments using PSPNet (Zhao et al. 2017) and Faster R-
CNN (Ren et al. 2015) trained on the Syn-VOC dataset.

Iteration Filter Training Val mIoU 07-mAP50 12-mAP50

iter0 - 46,731 5,193 48.7 63.9 57.3

iter1 all 57,313 6,642 55.8 64.7 57.9
iter1 Filt-PL 57,313 6,642 56.5 65.1 58.2
iter1 LabFilt 49,383 5,581 56.7 66.0 58.8

Table 4: Comparative evaluation of filtering strategies.

Iteration VOC dataset
Training Val mIoU 07-mAP50 12-mAP50

iter0 46,731 5,193 48.7 63.9 57.3
iter1 49,383 5,581 56.7 66.0 58.8
iter2 53,282 6,127 57.4 67.2 60.1
iter3 53,902 6,207 59.3 67.9 60.9
iter4 53,498 6,149 58.4 68.6 63.0

Iteration MSCOCO dataset
Training Val mIoU mAP50

iter0 138,682 15,410 17.89 19.3
iter1 215,347 17,695 20.48 23.4
iter2 224,394 18,762 20.51 25.8
iter3 223,580 18,563 20.09 30.5

Table 5: The iterative evaluation results of IST-CATS.

The initial segmentation performance on the PASCAL VOC
2012 val set was 46.8% mIoU. Detection results on the PAS-
CAL VOC 2007 and 2012 test sets yielded 62.2% mAP and
56.2% mAP, respectively. These results suggest that stronger
baseline models could enhance performance.
Effectiveness of Iterative Training. There is currently no
mechanism to directly define the number of iterations for
the model. In this study, we primarily determine when to
stop the iterations by monitoring the growth of training data,
specifically by stopping when the number of training im-
ages no longer increases. For example, for experiments con-
ducted on the PASCAL VOC dataset, except for the initial
round, where 5, 193 images from Syn-VOC are used as the
val set, subsequent val sets are all from the val set of the
PASCAL VOC 2012 dataset, and the annotations for these
images are generated based on the inference results from the
previous round. We calculate the model’s performance af-
ter each iteration, which is shown in Table 5. It can be seen
that the model’s performance improves with more training
rounds, eventually reaching a plateau after several iterations.

Semantic Segmentation
Comparison with Synthetic Data Methods. To validate
the effectiveness of our IST-CATS, we perform a com-
parative evaluation against state-of-the-art semantic seg-
mentation methods based on synthetic data, including
GranSAM (Kundu et al. 2023), Goyal et al. (Goyal et al.
2018), Zhang et al. (Zhang et al. 2018), Attn2mask (Yoshi-
hashi et al. 2023), DatasetDM (Wu et al. 2023a), and Dif-
fuMask (Wu et al. 2023b). Experimental results are summa-
rized in Table 6. On the PASCAL VOC 2012 dataset, our
IST-CATS outperforms the state-of-the-art Attn2mask by
1.0% mIoU. On the MSCOCO dataset, IST-CATS achieves
the highest mIoU score of 20.5%. An essential factor con-
tributing to this is the capacity of our method to generate
training data of high quality and diversity, thereby bolster-
ing the model’s generalization prowess.
Comparison with Semi-Supervised Semantic Segmen-
tation Approaches. Our IST-CATS utilizes synthetic data
and unlabeled data to gradually learn segmentation knowl-
edge, which is akin to the fundamental principle of semi-
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Methods Training set Val mIoU

GranSAM Syn(4k)

VOC12

25.2
Goyal et al. Weak(10k)+Syn(2k) 55.5
Zhang et al. Real(20k)+Syn(4k) 58.2
DiffuMask DiffuMask 57.4
Attn2mask+BECO Synth.imgs-168679 58.3
IST-CATS Syn-VOC 59.3
GranSAM Syn(16k)

MSCOCO
8.6

DatasetDM Syn(8k) 17.6
IST-CATS Syn-COCO 20.5

Table 6: Comparisons with competitive synthetic image
methods on PASCAL VOC 2012 and MSCOCO datasets.

Dataset Labeled Unlabeled Methods mIoU

Syn-VOC 46,731 10,582

ST++ 49.19
UniMatch 31.98
CorrMatch 50.97
IST-CATS 59.30

Syn-COCO 138,682 118,288

ST++ 14.84
UniMatch 17.50
CorrMatch 18.31
IST-CATS 20.51

Table 7: Comparisons with competitive SSSS methods.

supervised semantic segmentation (SSSS) techniques that
leverage a limited number of labeled images and a plethora
of unlabeled images to enhance performance. Consequently,
we employ synthetic data to substitute the labeled data re-
quired in SSSS, facilitating fair comparative experiments
with semi-supervised methods (e.g., ST++ (Yang et al.
2022), UniMatch (Yang et al. 2023), and CorrMatch (Sun
et al. 2024)). Specifically, we utilize the training set of the
Syn-VOC/Syn-COCO dataset as our labeled data, while em-
ploying the training set of PASCAL VOC 2012/MSCOCO
as unlabeled data. The val set of the Syn-VOC/Syn-COCO
dataset serves as our val set, whereas the val set of PASCAL
VOC 2012/MSCOCO is employed for testing purposes. As
demonstrated in Table 7, our method exhibits notably supe-
rior performance compared to other competitors, surpassing
them by a significant margin. The reason may come from
the following two aspects: 1) Semi-supervised approaches
necessitate high-quality labeled data that aligns with the do-
main distribution of the unlabeled data, posing challenges
in achieving satisfactory performance when confronted with
disparate domain distributions; 2) Our IST incrementally
boosts model performance and enhances pseudo-label accu-
racy through self-training and our LabFilt strategy.

Object Detection
In Table 8, we compare our IST-CATS with existing weakly-
supervised (i.e., PCL (Tang et al. 2018), MIST (Ren et al.
2020), CASD (Huang et al. 2020), CBL (Yin et al. 2023),
NDI-MIL (Wang et al. 2024), and Feng et al. (Feng et al.

Methods VOC MSCOCO
07-mAP50 12-mAP50 mAP50

PCL 43.5 40.6 19.4
MIST 54.9 52.1 24.3
CASD 56.8 53.6 26.4
CBL 57.4 - 27.6
NDI-MIL 56.8 53.9 26.2
Feng et al. 55.6 50.7 -
Ge et al. - 43.2 16.3
Peng et al. 31.2 - -
Zhang et al. 59.3 55.1 -
Ours 68.6 63.0 30.5

Table 8: Performance comparison among the state-of-the-
art methods on PASCAL VOC 2007, 2012, and MSCOCO
datasets. ”-” indicates that the result cannot be obtained.

2024)) and synthetic data-based (i.e., Ge et al. (Ge et al.
2023), Peng et al. (Peng et al. 2015), Zhang et al. (Zhang
et al. 2022)) object detection techniques on the PASCAL
VOC 2007, 2012, and MSCOCO datasets. Our approach
achieves the state-of-the-art performance of 68.6% mAP,
63.0% mAP, and 30.5% mAP on these three datasets, re-
spectively. It surpasses the previous state-of-the-art weakly-
supervised method by 11.2%, 9.1%, and 2.9%, outperforms
the prior synthetic data-based method (i.e., Zhang et al.) by
9.3% and 7.9% on PASCAL VOC 2007 and 2012 datasets.
Furthermore, as shown in Table 5, while our segmentation
model has reached its peak performance, there is still room
for further improvement in our detection model.

Computational Complexity

The computational complexity of IST depends on the num-
ber of iterations and the base model (e.g., DeepLabv3+).
When we trained DeepLabv3+ on an NVIDIA RTX 2080
Ti GPU with a batch size of 8, using 46,731 images for 30
epochs, taking about 48.5 hours. Testing on 12,031 images
took only 573.6 seconds. Compared to the cost of annotating
large datasets, our method’s training overhead is minimal.

Conclusion

In this work, we introduce a novel framework (i.e., IST-
CATS) for visual task learning. It employs our proposed
CATS to automatically generate synthetic images with an-
notations (i.e., bounding-box annotations and pixel-level an-
notations) and uses IST with LabFilt to progressively learn
segmentation and detection knowledge by harnessing syn-
thetic data and unlabeled data. Extensive experimentation on
the PASCAL VOC and MSCOCO datasets showcases the
outstanding performance of our IST-CATS in both object
detection and semantic segmentation. Comparative analy-
sis against synthetic data and semi/weakly-supervised ap-
proaches unequivocally highlights the superior capabilities
of our framework.
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