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When discussing the classification of imbalanced datasets, due to their distribution characteristics, the scarce minority class
makes the traditional classification methods biased toward the majority class, reducing minority class recognition. This article
mainly starts with the data-level method. It expands the sample size of the minority class by a generative model to improve
the classification accuracy and reduce the misclassification cost. Based on the characteristics of the complex distribution
of the minority class and the advantages of Diffusion Models, this article proposed a Local Regional Samples Guidance
Denoising Diffusion Probabilistic Model (LReDDPM). The method first divides the sample types of the minority class, takes
the gradient information of regional samples as the condition, and then uses the denoising diffusion probabilistic model
to generate minority class examples. The generated minority class examples are added to the training set to expand the
sample size, enriching the local sample density of the minority class. In addition, we explore diffusion models guided by
gradients derived from samples in different regions. The experimental results demonstrate that examples generated by models
guided by samples from different regions exhibit varying degrees of improvement in classification performance, with the
most significant enhancement observed in the safety and boundary regions. It further indicates that the complex distribution
of the minority class plays a crucial role in the classification results. We conduct experiments on ten datasets and compare our
results with those of five methods to evaluate the superiority and effectiveness of LReDDPM’s method. The final experimental
results show that the proposed method can significantly improve classification performance.
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1 Introduction

Challenges in training classifiers on imbalanced datasets have been observed in numerous real-world applications
(Chawla, Japkowicz, et al. 2004; He and Garcia 2009; Sun, Wong, et al. 2009). Although there are several avenues
for improvement, including algorithmic-level methods (Khan et al. 2017; Krawczyk et al. 2014) and data-level
strategies (Barua et al. 2012; Bunkhumpornpat et al. 2009; Cahyana et al. 2019; Xie et al. 2020), the challenge of
enhancing classification performance based on the characteristics of complex distributions of the minority class
in imbalanced datasets remains a significant issue worthy of exploration.

Recently, diffusion models based on logarithmic likelihood have developed rapidly (Ho et al. 2020; A. Q. Nichol
and Dhariwal 2021; Sohl-Dickstein et al. 2015; Song, Durkan, et al. 2021). They demonstrate significant advantages
in data distribution modeling and data synthesis, allowing for control over the model generation process and the
quality of generated outputs across a range of tasks, including text-to-image generation (A. Nichol et al. 2021),
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high-resolution image synthesis (Rombach et al. 2022), image editing (Meng et al. 2021), speech synthesis (M.
Jeong et al. 2021), and medical imaging (Song, Shen, et al. 2021). Most of the existing diffusion models are under a
uniform data distribution assumption. Unconditional diffusion models tend to generate a disproportionately high
number of low-quality samples when the data distribution is non-uniform. However, in the context of generating
samples from imbalanced datasets, diffusion models primarily focus on image data (Li et al. 2024; Qin et al. 2023;
Shao et al. 2024; Wyatt et al. 2022; Yan et al. 2024). Previous studies have demonstrated that when diffusion
models are trained on datasets with uneven class distributions, the diversity and fidelity of the generated samples
significantly decrease, particularly for the minority class. For instance, to address the potential degradation of the
model caused by skewed distributions, Qin et al. (2023) propose a new equilibrium diffusion model. To tackle the
observed issues, the model balances the prior distribution by adjusting the conditional transfer probability during
sampling. It effectively transfers common information from head classes to tail classes without compromising the
model’s ability to represent head classes accurately. Yan et al. (2024) present a diffusion framework incorporating
a regularization term for overlap, DiffROP. This framework is proposed to address the issue of class overlap
between the probability distributions of the tail class and head class generated by diffusion models. This framework
penalizes the overlap between conditional image distributions using probabilistic contrastive learning (PCL) loss,
significantly enhancing the image fidelity of training diffusion models on imbalanced datasets. Li et al. (2024)
also introduce an iterative online image synthesis (IOIS) framework to tackle the imbalance problem in medical
image classification.

While most diffusion model studies focus on unstructured continuous data, such as images, numerous real-world
classification datasets are in tabular format. The general Denoising Diffusion Probabilistic Model (DDPM) has
now been adapted to tackle issues related to tabular data (Kotelnikov et al. 2023; Mueller et al. 2023; Sattarov et al.
2023; Zamberg et al. 2023). Due to the heterogeneity of individual features and the relatively small size of tabular
datasets, training high-quality models for tabular data is more challenging than for computer vision or natural
language processing (NLP). Zheng and Charoenphakdee (2022) present a tabular data diffusion model based on
conditional scores. The model effectively addresses categorical and numerical variables and is demonstrated to be
effective in managing missing values within tabular data. Ouyang et al. (2023) introduce a diffusion framework
for learning from datasets with missing values under various mechanisms. Evaluations across multiple tabular
datasets confirm the consistency of the proposed method in learning data distribution scores. Jiang et al. (2023)
address the issue of declining accuracy in software measurement due to data loss in industrial processes. The
enhanced Isolation Forest algorithm is employed to identify regions with missing data, determine their locations
and quantities, and construct a data generation model that produces new samples based on the denoising diffusion
probabilistic model. Samples that closely resemble the original data distribution are filtered from the newly
generated samples, resulting in a filling method based on the diffusion model for the complete dataset. J. Jeong
et al. (2023) introduce a novel data augmentation technique that utilizes the improved Deep Convolutional
Generative Adversarial Network (DCGAN) model and a new similarity loss function to generate diverse and
realistic tabular data, thereby addressing the problem of class imbalance.

In light of imbalanced datasets, we focus on identifying samples from the minority class. For instance, in
biomedical applications (He and Garcia 2009), a dataset may consist of 10,923 samples of non-cancer patients
(majority class) and 260 samples of cancer patients (minority class). It is essential to develop a classifier that
can provide accurate predictions for both the majority and minority classes. In reality, the classifier frequently
exhibits a substantial imbalance in accuracy, often achieving nearly 100% accuracy for the majority class while
only reaching approximately 10% accuracy for the minority class within the dataset. This discrepancy reveals that
234 minority class are misclassified as majority class, which is analogous to 234 cancer patients being incorrectly
diagnosed as non-cancerous. Although traditional learning algorithms can still attain high overall accuracy, the
classification model is biased toward the majority class due to the unequal sample sizes. This bias ultimately leads
to a higher classification error rate for the minority class. In the medical field, diagnosing a patient with cancer
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as not having cancer is more costly than diagnosing a patient without cancer as having cancer. Consequently, in
this field, we prioritize improving the recognition rate of the minority class while ensuring that the accuracy of
the majority classes is not significantly compromised. As for the application of diffusion models to imbalanced
data, most of the existing literature focuses on analyzing the impact of sample size across different classes (i.e.,
imbalance ratio) on the quality of generated samples. However, there is less discussion regarding the influence
of the complex distribution of minority samples on classification. This aspect necessitates a comprehensive
extraction of the distribution characteristics of minority samples to enhance the accuracy of minority classification.
Traditional oversampling methods, such as SMOTE (Chawla, Bowyer, et al. 2002) and ADASYN (He, Bai, et al.
2008), are often constrained by the distribution of the original data. In cases of high feature dimensions, these
methods require the calculation of distances between samples. Consequently, generating new samples through
interpolation to balance the dataset increases complexity and reduces sampling efficiency. In contrast, the unique
capability of diffusion models to capture high-dimensional dependency relationships effectively addresses various
challenges associated with class imbalance. This article primarily focuses on the data-level method of imbalanced
learning, explicity addressing the distribution characteristics of underrepresented sample classes. It proposes
a method using a conditional diffusion model to generate new samples, thereby enhancing the classification
performance of these samples.

This study provides the following contributions:

(1) LReDDPM is a conditional diffusion model based on the local region samples guided. This model can guide
the diffusion model’s sampling process according to the gradient conditions of various regional types.

(2) Three data quality metrics evaluate the similarity between the generated data and the real data. The results
indicate that the distribution of the generated samples closely aligns with that of the real samples, and the local
sample information is captured more effectively.

(3) Multiple evaluation metrics are utilized to assess the classification performance on the test set, and the
validity of the samples generated from the augmented data is confirmed.

(4) The performance of synthetic examples across different regions was evaluated, and the results demonstrated
that this generation method could significantly enhance classification effectiveness to varying degrees. Notably,
synthetic examples generated in the safety and boundary areas yielded even more substantial improvements
in classification performance. Additionally, it adaptively adjusts the guide information to address the issue of
sample scarcity in practical applications, thereby reducing the costs associated with misclassification.

The remainder of this article is organized as follows. Section 2 provides an overview of the work. Section 3
details the methodology for identifying minority classes, offers foundational knowledge of the diffusion model
and comprehensively describes the proposed new method. Sections 4 and 5 present the design and results of the
experiment and additional relevant experiments. In Section 6, we discuss the samples generated from different
regions, the results obtained by training the original DDPM using only regional samples, and the types of regions
to which the synthetic samples belong. In Sections 7 and 8, we summarize the thesis and discuss directions for
future research.

2 Related Work
2.1 Types of Minority Classes

In classification problems, class imbalance often arises when there are significantly more instances of certain
classes than others. In such cases, standard classifiers may become overwhelmed by the larger classes and neglect
the smaller ones (Chawla, Japkowicz, et al. 2004). This situation poses challenges most learning algorithms,
typically assuming a relatively balanced class distribution (Sun, Wong, et al. 2009). Consequently, it leads to
suboptimal classification performance. Some studies have shown that the degree of relative imbalance between
classes is not the only factor that hinders learning (Batista et al. 2004; He and Garcia 2009; Japkowicz and Stephen
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Fig. 1. The directed graphical model of DDPM

2002; Jo and Japkowicz 2004; Prati et al. 2004; Weiss and Provost 2003). It is still possible to learn from minority
classes with minimal interference from this imbalance. The complexity of the data distribution is the primary
determinant of degradation in classification performance, and the relative imbalance may further exacerbate this
decline. We are interested in analyzing the intricate distribution of imbalanced datasets and designing methods
to enhance the recognition rate of minority samples based on the characteristics of their complex distribution.

In light of the uneven distribution of a limited number of samples within the class and the complex nature of
sample distribution, various scholars have employed different approaches to address these challenges. Lopez
et al. (2013) discusses six critical issues related to the data’s intrinsic features, including identifying regions with
small disjuncts, areas lacking sufficient training data density and information, and noisy data, all of which can
diminish classification effectiveness. The discussion focuses on distinguishing minority class regions without
utilizing clustering methods, as proposed by Sun, Cai, et al. (2022), and introduces a technique known as Disjuncts-
Robust Oversampling (DROS). The author utilizes a light cone to illuminate restricted areas, addressing the
small disjunctions of the minority class. Napierala and Stefanowski (2016) propose a method for identifying
the type of sample instance by considering the class distribution within the local neighborhood of the instance.
The experimental results indicate that different sample types present varying levels of learning difficulty for
the classifier. The authors also emphasize leveraging this method to develop new learning algorithms and
preprocessing techniques specifically designed to address class imbalances. Among these methods, Sun, Cai, et al.
(2022) address the issue of class imbalance through sampling techniques. However, it focuses on a single type
of sample distribution, which limits its applicability in solving the problem. Napierala and Stefanowski (2016)
emphasized the nature of imbalanced data, the characteristics of minority class distributions, and their impact on
classification performance.

According to the relevant studies mentioned above, it is essential to focus on the local characteristics of the
complex distribution of minority classes to develop a high-performance classifier.

2.2 Gaussian Diffusion Models
The denoising diffusion probabilistic model (Ho et al. 2020; Sohl-Dickstein et al. 2015) is a hidden variable model
that comprises two processes: the diffusion process (forward process) and the denoising process (reverse process).
In the forward process, the model gradually perturbs the initial data x, € R? with varying scales of Gaussian
noise €, transforming the noisy sample into a random noise output. In the reverse process, the learned parameters
are employed to systematically remove the noise, ultimately reconstructing the original data x.

Specifically, the forward process begins at xy, and the hidden variable xy, x3, ..., xr gradually transitions
through the Markov chain into pure Gaussian noise xr ~ N (0, I). Consequently, each Markov transition can be
expressed in the following form:

q(xelxi—1) = N(xp5 N1 = Bexe—1, Bel) (1)

Where f; represents the noise level added at time step ¢. At any time step ¢, x; is sampled from the distribution

q(x|x0) = N(xp54f1 — ﬁ,xo,ﬁtl), where ,Bt =1- Hf-:o(l - Bi).
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Fig. 2. The directed graphical model considered in this work, known as LReDDPM

In the reverse process, the model gradually denoises the hidden variable x; to recover the data xo. This involves
sampling from the distribution g(x;-1|x;) to obtain x; during the reverse process (see Figure 1. To approximate
this process, we train a neural network pg(x;—1|x;) with parameters 6 to approximate the distribution q(x;_1|x;),

po(Xe—11xr) = N(xs—1; po(xs, 1), Zg (x4, 1)) (2)

Where, pigp and X are the mean and variance estimated by q(x;—1|x;),

Ho(xp,t) = €o(x1,1)) ®)

1 B
— - —=
VQai V1 — oy
where, a; := 1 — f;, & = [, @, €a(x;, t) represent the predicted noise. In practice, our training objective
utilizes the simplified mean squared error sum between the actual noise and the estimated noise.

lt = Exo,e,tue — €p (xt, t)”% (4)

More specifically, the model eg(xy, t) is used to predict the real noise € after minimizing the simplified target loss
(4) (Zamberg et al. 2023).

While this framework is effective for continuous data, it cannot be directly applied to discrete data, such as the
discrete variables found in tabular datasets. Therefore, when working with tabular data, it is essential to consider
appropriate methods for handling discrete variables.

Regarding the treatment of discrete variables within the diffusion model, the literature (Austin et al. 2021;
Hoogeboom et al. 2021; Kim et al. 2022; Kotelnikov et al. 2023; Ouyang et al. 2023; Sohl-Dickstein et al. 2015)
indicates that the author represented categorical data x; using one-hot encoding x; € {0, 1}¥(where K denotes
the number of categories) and employed a categorical distribution to define the polynomial diffusion process.
In addition to one-hot encoding, Zheng and Charoenphakdee (2022) propose two additional techniques for
handling categorical variables: analog bit encoding and feature tokenization. The feature tokenization method
simultaneously embeds numerical and categorical variables into a single vector of uniform length. Sattarov
et al. (2023) also use the technique of embedding categorical variables. In contrast to the approach of Zheng
and Charoenphakdee (2022), Zhang et al. (2023), and Sattarov et al. (2023) do not embed numerical variables. In
embedding categorical variables, Mueller et al. (2023) utilize score interpolation to extend the diffusion process
of categorical data into Euclidean embedding space, thereby applying the same type of noise distribution to
both categorical and numerical variables. For other multimodal discrete data, additional processing methods are
summarized by Cao et al. (2024). Given the high dimensionality of some dataset variables discussed in this article
and the fact that the number of categorical variables is less than the number of numerical variables, considering
the calculation efficiency, we do not embed both numerical and categorical variables simultaneously. Instead,
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following the approach established by Sattarov et al. (2023), we embed only the categorical variables to complete
the diffusion process.

3 Methodology
3.1 Division of Minority Classes

This study primarily focuses on the local characteristics of the complex distribution of minority classes to
construct high-performance classifiers. By analyzing the distribution of various complex sample types within
the dataset, our method can selectively expand samples in different regions from the perspective of sample
generation, making it adaptable to a wide range of complex sample distribution types. It encourages the model to
generate data based on local samples of minority classes, thereby improving the recognition rates of these classes
and reducing the costs associated with misclassification.

Based on the inherent distribution of the data and independent of the classifier, we categorize the minority
class into four distinct regions: safe samples (designated as region 1), border samples (designated as region
2), rare samples (designated as region 3), and outlier samples (designated as region 4). In this article, we refer
to the samples located within the region as regional samples. The method for partitioning these regions was
adapted from Napierala and Stefanowski (2016) to facilitate calculation and partition. We analyze the K-nearest
class labels to identify the type of region represented by the sample. Constructing this local region requires the
appropriate selection of the k value and the distance function. In this case, we have fixed the value of k at five
and employed the Heterogeneity Difference Measurement (HVDM) (Wilson and Martinez 1997) to calculate the
distance between examples. With a k value of 5, the ratio of neighbors from the same class to those from different
classes can vary from 5:0 (indicating that all neighbors of the analyzing instance belong to the same class) to 0:5
(indicating that all neighbors belong to different classes), as illustrated below:

safe, 5:0 or 4:1
border, 3:2 or 2:3

rare, 1:4
outlier, 0:5

®)

region(x|x € minority class) =

Subsequently, we will train the generative model based on samples from the same regional type, meaning the
samples that belong to the same category after the training set has been divided. The results of the sample region
division are presented in Appendix B table 12.

3.2 Derivation of the Methodology

This article primarily examines the impact of uneven sample distribution within a class on the performance of
imbalanced classification, particularly concerning the minority class of interest. The complex distribution of
these samples significantly influences the final classification outcomes. This article begins by examining the
intricate regional distribution of minority classes. We first categorize these samples into distinct regions and
generate new minority class samples based on regional data. The study employs a conditional denoising diffusion
probabilistic model to create these samples. Rather than completely replacing the existing minority class samples,
the generated samples are incorporated into the training set to augment the overall sample size.

According to the preliminary experimental results, the enhancement of the final classification performance for
the minority class generated by the FinDiff method (Sattarov et al. 2023) does not meet the expected outcomes
(see Table 3). It is evident from the results that the samples generated by FinDiff exacerbate category overlap,
thereby increasing the difficulty of identifying the distribution of the minority class (see Figure 4). However,
We hope the generated samples more accurately reflect the local distribution characteristics of the minority
class. In that case, identifying these samples will be facilitated, and their distribution will not interfere with the
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majority class. In other words, the generated samples will not affect the identification of the majority class and
will effectively reduce the classification interface deviation. Therefore, we propose incorporating information
from local regions of the minority class into the sample generation process. This approach aims to generate data
that aligns with the distribution characteristics of the minority class through a method we refer to as “guidance”.
Through the reverse process of Denoising Diffusion Probabilistic Model (DDPM) to achieve guided sampling. In
contrast, the forward process continues to adhere to the vanilla Denoising Diffusion Probabilistic Model (DDPM)
(see Formula (6) and Appendix A). The model is summarized as follows:

Suppose that x; and x;,; are denoised samples at times t and t + 1, respectively. Here, s represents regional
samples, and y denotes the class label (Dhariwal and A. Nichol 2021). The distribution assumption under the
unconditional denoising diffusion probabilistic model is denoted as q. When s and y are incorporated, the
distribution assumption of the new model becomes g.

G(xt|xt41,8,y) = —(j(AXt, Xee1:5.)
G(xXr+1,5,Y)
_ G(ylxe, s, x041)q(xe |8, x141)G(81%141) G (X1 41)
- G(yls, xr+1)G(s|xr41) G (xr+1)
_ G(ylxs, 8, xr41)G(x1]8, Xp41)

N 4(yls, xt11) (6)
‘?(y|{ft’3)Q(xt|xt+1)’ £>1
= . q(y|51xt+1)
§(ylxe,8)q(xe|s.xe+1) I =
q(yls.xe+1) > -

— { Zq(ylxe, $)q(xe|xe11), r>1
Zq(ylxe, s)q(xels, xp41), £ =0

In Formula (6), the denominator §(y|s, x;+1) is independent of x; and can be considered a constant. Therefore,
we aim to sample from the distributions Z§(x;|x;4+1)§(ylxs, s) = Zq(x¢lxr+1)q(ylxs, s) (¢ = 1) and ZG(x;ls, x¢41)
G(ylxs, s)(t = 0), where Z = m is considered the normalization constant. If we already have a neural
network to approximate q(x;|x;+1), referred to as network pg(x;|x;+1), the next step is to approximate §(yls, x;)
and ¢(xo[s, x1). The §(yls, x;) can be obtained by training a classifier under the local condition s and the noise
sample x; (where x; is drawn from the marginal distribution §(x;) = q(x;) ). Meanwhile, x, is derived from
G(xo|s, x1) by combining the information sampled from x; and s. The implementation of §(xy|s, x1) involves two
key aspects. First, it does not include a random term during sampling, similar to the reverse sampling process
described in the final step of the original DDPM method (as outlined in Algorithm 2 of Ho et al. (2020)). Second,
to ensure that the generated samples remain within the range of the regional samples, the mean of the regional
samples is added at the end, guided by gradient information.

Similar to Dhariwal and A. Nichol (2021), when inferring the reverse diffusion process, it is only necessary to
incorporate the gradient information of §(y|x;, s) into the mean value of the sample distribution. The forward
process remains consistent with the Denoising Diffusion Probabilistic Model (DDPM). The reverse process is
illustrated in pseudocode (see Algorithm 1). In Algorithm 1, “info(s)” denotes the mean value of the aggregated
regional samples. Therefore, we refer to the proposed method as Local Regional Samples Guidance Denoising
Diffusion Probabilistic Model (LReDDPM). Regional samples are employed in the reverse process of the LReDDPM.

The specific guidance process of LReDDPM involves training a classifier on regional samples, followed by
sampling guided by the classifier’s gradient information. During the data restoration process, we assign a specific
level of importance to the gradient by including an optional scaling factor z, as described in Dhariwal and
A. Nichol (2021). The optional parameter 7 allows us to consider either static or dynamic parameter values.
Static parameter values mean that the scaling factor of the gradient remains constant throughout the entire
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process, from step t = T to t = 0. In contrast, dynamic parameter values indicate that the influence of the
gradient on the data recovery process varies at different time steps. If it is necessary to emphasize the role of the
gradient more at a specific time step, a larger parameter value can be assigned, and vice versa. For example, at the
beginning of reverse sampling, the value of 7 should not be set higher. This ensures that the gradient is not overly
emphasized during the early stages, allowing the model to focus more on sample quality and ensuring that the
samples closely align with the data distribution. As ¢ gradually approaches 0, the scaling factor 7 is progressively
increased, enabling the model to incorporate gradient information more effectively and generate samples that
better represent regional characteristics. In this way, the early stage guarantees sample quality and prevents
deviation from the original data distribution, while the later stage ensures that the generated samples reflect the
specific characteristics of the regional data. This is precisely the approach that this article primarily adopts. We
will provide a more detailed description in Section 4.1 and 5.3.

Algorithm 1 Region Guided Diffusion Sampling

Input: diffusion model (pg, £g(x;)),classifier pg(y|x;, s),class label y, gradient scale , s
Output: x,
xt < sample from N (0, I)
for all t from T to 1 do
B2 pg(xt), Zo(xt)

x;—1 < sample from N (p + 13V, log pg (ylx;, 5), %) > Contain gradient information obtained from
regional samples
if t = 1 then
X¢—1  x;—1 | info(s) > Add the mean of the regional samples
end if
end for

4 Experiments
4.1 Experimental Setup

Selection of Datasets. The primary objective of this article is to enhance the performance of imbalanced data
classification and to analyze and discuss LReDDPM through comprehensive experiments on ten imbalanced
binary classification datasets. Among these, segment0, yeast3, page0, and abalone17 are sourced from the KEEL
repository, while the remaining datasets are obtained from the UCI repository. The Turkish Music Emotion
dataset (abbreviated as Turkish) is originally a four-class classification problem, where the “happy” class is treated
as a minority class, and the other classes are combined into a majority class. The crg dataset (short for Statlog
German Credit Data) consists of raw data variable types. These datasets are summarized in Table 1. These datasets
vary in their size and class proportions, thus offering different domains for LReDDPM.

Selection of Evaluation Metrics and Classifiers. (1) Quantitative Evaluation Indices. To assess the clas-
sification performance of the expanded dataset, the following indicators were selected: 1) AUC. AUC (Area
Under the Curve) refers to the area under the Receiver Operating Characteristic (ROC) curve. 2) F1-score. The
F1-score is the harmonic mean of precision and recall, offering a more effective measure of performance for
imbalanced classifiers. 3) G-mean. This metric takes into account both precision and recall values, and the formula
is G-mean = +/precision x recall. (2) Qualitative Evaluation Index. The qualitative evaluation index is designed
to measure the distribution between the generated sample and the real sample. Three distribution distance
indices selected for this purpose include the Jensen-Shannon Distance (abbreviated as JS), Wasserstein Distance
(abbreviated as WD), and Maximum Mean Discrepancy (abbreviated as MMD) (Qian et al. 2023). (3)The classifier
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Table 1. Datasets detail. The terms “#Train” and “#Test” refer to the number of samples in the training set and the test
set, respectively. The terms “4Num” and “#Cat” represent the number of numeric and categorical variables in the dataset,
respectively. The term “4#Rimb” refers to the imbalanced ratio.

Data #Train #Test #Num #Cat #Rimb

segment0 1846 462 19 0 6.02
spambase 3677 920 57 0 1.54
spectfheart 213 52 44 0 3.85
turkish 320 80 50 0 3
yeast3 1187 297 8 0 8.1

page0 4377 1095 10 0 8.8
rice 3048 762 7 0 1.34

crg 800 200 7 13 2.3
abalonel7 1870 468 7 1 39.31
parkin 604 152 752 1 2.94

employs decision tree and logistic regression. The AUC values for both the decision tree and logistic regression,
as well as the F1-score and G-mean values for the decision tree, are provided respectively.

Comparative Method for Generating Samples. We have selected five oversampling methods for comparison:
(1) ADASYN, which stands for Adaptive Synthetic Sampling approach (He, Bai, et al. 2008). The method mitigates
the learning bias introduced by the original data distribution by generating additional training data for the
minority class. It adaptively adjusts the classification decision boundary to focus more on these difficult-to-learn
samples. However, due to the direct invocation of toolkit generation in the imblearn codebase, this method
struggles to achieve a specified sample size in accordance with the proportion of regional samples generation.
This article presents the classification results based on the generation of the closest sample size for comparison.
(2)BorderlineSMOTE (Han et al. 2005). BorderlineSMOTE (Borderline Synthetic Minority Oversampling Technique)
is an advanced oversampling method designed to address class imbalance by strategically generating synthetic
samples for the minority class. It reinforces the classification boundary where minority instances are most
vulnerable to misclassification. This method needs to calculate the K-nearest neighbors of the minority class,
then generate new sample points based on the SMOTE (Synthetic Minority Over-sampling Technique (Chawla,
Bowyer, et al. 2002)) algorithm after identifying the boundary points. (3)FinDiff (Sattarov et al. 2023). FinDiff is a
denoising diffusion probabilistic model that employs embedded coding to represent mixed-modal tabular data.
(4)CTGAN (Xu et al. 2019). CTGAN is a conditional generative adversarial network that effectively preserves
the underlying structure of actual data, including correlations between columns. It is capable of processing
continuous and discrete data. This article utilizes the existing codebase for direct execution. (5) TVAE (Xu et al.
2019). TVAE is a neural network generation model that adapts the Variational Autoencoder (VAE) for tabular
data by employing similar preprocessing techniques and modifying the loss functions. This model is referred to
as the TVAE model.

Region Type Selection. This article focuses on selecting samples based on the results of regional type division
and the distribution characteristics of the minority class. For comparison purposes, we have selected samples from
region 2 for the spectfheart and crg datasets to facilitate the reverse process of the diffusion model. Most datasets
predominantly select samples from region 1 to guide the reverse process of the diffusion model. Additionally,
Section 6 presents the results of guided sample generation across different regions within part of the dataset,
including comparisons of guided sample generation in regions 3 and 4.
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Parameter Setting. (1) Similar to Ho et al. (2020), we set the forward process variances to constants increasing
linearly from f; = 107* to fr = 0.02. (2) We set T = 1000 for all experiments. (3) Regarding the parameter 7,
we treat it as a dynamic parameter value. Since the parameter f; is exactly equal to the variance and increases
with the length of the time step, we consider the reciprocal of the square root of ;. Additionally, based on
experimental results for other parameter values (see Section 5.3), the method presented in this paper primarily
uses the parameter value 7 = 60 = 1/ \/E . That is, the gradient scaling factor in the algorithm diagram (Algorithm

1) is denoted as 7 = 60 * 1/\//?. Other values of the parameter 7 are discussed in Section 5.3, including: 1)7 = 1;
2)r = 60; 3) = 1/+/B;.

Furthermore, to simplify the calculation process, §(yls, x;) directly uses the gradient of §(y|s) to generate
the sample. All results in this section are guided by the gradient of §(y|s) during generation. All the denoising
diffusion probabilistic models presented in this article, the variance Xy is fixed at a constant value, as in Ho et al.
(2020).

The different distribution selections of §(y|s, x;) are presented in Section 5.1. For example: 1) Consider also
the gradient guidance of s and x;, i.e., §(y|s, x;) ; 2) Consider only the gradient guidance of x;, i.e., G(y|x;)-
At the same time, in the discussion section of Section 6, the forward process of the model is directly trained
using regional samples without considering gradient guidance. In the reverse process, unconditional Denoising
Diffusion Probabilistic Models (DDPM) are employed to generate samples. In other words, the diffusion model
is equivalent to FinDiff in this context. The only difference is that the training model utilizes regional samples
rather than the original dataset.

4.2 Results

Comparison of the Distribution of Generated Samples and Real Samples. Table 2 presents three indicators
comparing the generated samples’ distribution with real ones. The average distance of the three indicators refers
to the distance calculated for each dataset based on the synthetic data and the selected guiding region samples.
Since the synthetic data size in some datasets is smaller than that of the selected guiding region, we randomly
select an equal number of samples from the guiding region multiple times to calculate the distance. Finally, the
average of these distances is computed. The results displayed in Table 2 represent the average ranking of the three
metrics across all datasets, with lower values indicating better performance. As shown in Table 2, the synthetic
data generated by LReDDPM is more closely aligned with the regional samples distribution of minority classes
than other methods, effectively capturing the regional samples distribution of these classes. For specific values of
each indicator, please refer to Table 16, Table 17, and Table 18 in Appendix C.

Table 2. Average ranks over all datasets in terms of Jensen-Shannon Distance(JS), Wasserstein Distance(WD), Maximum
Mean Discrepancy(MMD). Distances are calculated between generated data and real region data

JS WD MMD

ADASYN 3.8 3.65 3.7
BorderlineSMOTE 4.2 4.35 3.9
FinDiff 27 33 4.3
TVAE 3.8 3.25 1.7
CTGAN 4.2 3.4 4.3

LReDDPM(ours) 2.3 3.05 3.1

Comparison of AUC Values Across Different Classifiers. We compare five sample generation methods
using two classifiers: decision tree and logistic regression. All methods generate approximately the same sample
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size. Tables 3 and 4 present the AUC values for the six methods across ten datasets for each classifier. The last
row of each table displays the classification results before sample expansion. Table 3 compares classification

Table 3. The AUC values of the dataset under different methods (Decision Tree Classifier)

Method segment0 spambase spectfheart turkish yeast3 page0 rice crg abalonel7 parkin
ADASYN 89.540 £.393  90.615+.056  65.844 £ .477  89.424 £ 428  80.430 £ .167 77.490 £ .255  86.993 +.143  59.410 +£.340  50.537 £.252  39.956 £.719
BorderlineSMOTE ~ 89.538 +.526  91.211 +.099 52.333 +1.018 89.702 +.213  79.758 +.098 82.371+£.300  87.171+.103  61.923 +£.275  64.359 +.865  54.398 + .364
FinDiff 89.239 £ 471  90.640 £ .121  51.452 + .402  92.867 £ .205  80.543 + .357 84.809 +.218  88.384 +.060 57.880 +.174  63.502 +.786  54.731 £ 1.139
TVAE 89.242 £ .6 90.512 £.550 60.644 +3.109 93.163 +.811 78.663 +£3.092 88.621 £2.196 88.034 +.859 63.133 £ 1.368 62.817 £2.457 47.020 £ 7.709
CTGAN 89.353 £.195  90.293 £ .268 59.467 +5.160 91.692 + 4.412 82.529 +4.436 84.055+2.095 87.950 £.565 63.269 + 1.937 62.545 + 1.321 54.842 + 6.446
LReDDPM(ours)  89.577 +.236 91.437 £.050 68.200 +.747 94.244+ .196 82.998 +.219  85.822+.337 88.433+.066 65.031+.346 65.742+.770 60.605 + .508
Original 89.581+.571  90.621 +.086 67.319+.771  90.704 + .544  75.832 £ .366 87.300 +.303  86.896 +.113  60.052 + .227 61.759 +£.78  47.287 + 1.565

results (AUC) obtained using decision tree classifiers on the dataset, with the optimal results highlighted in bold.
Only the page0 dataset did not yield optimal AUC values among the ten analyzed datasets. However, the results
for the remaining nine datasets were the best achieved. Most datasets demonstrated improved classification
performance following data expansion. It indicates that the classification performance for the same classifier for
specific classes using samples generated by LReDDPM is superior. In contrast, the impact on samples from other
classes is less pronounced. Compared to other sampling methods based on sample density distribution, such as
ADASYN and BorderlineSMOTE, our method produces superior classification results. The results of experiments
suggest that the guidance of locally distributed samples enhances class characteristics and reduces the challenges
associated with minority class recognition. Although our method did not achieve optimal results on the page0
dataset, it outperformed both the ADASYN and BorderlineSMOTE methods.

Table 4 presents the AUC values obtained from another classifier. As shown in Table 4, the LReDDPM method
achieves higher AUC values across most datasets, indicating superior classification performance. However, under
the ADASYN method, the AUC for the abalone17 dataset surpasses that of our method’s, likely due to the larger
sample size generated by the ADASYN. Additionally, it is noteworthy that while the AUC for the parkin dataset
is higher than that of our method under ADASYN, its G-mean and Accuracy do not exceed our results (with the
same recall for both methods, as detailed in Table 13 in Appendix C). Under this classifier, the evaluation scores
for ADASYN and LReDDPM decreased compared to their values before the dataset expansion, as observed in
Table 13. However, the recall value remained unchanged. The complex distribution of the dataset may contribute
to this phenomenon. According to Table 3, Table 4, Table 5, and Table 12, the boundary sample in the parkin
dataset occupies a relatively high proportion, and the distribution of the minority class may be sparse, resulting
in an apparent overlap between the two types of samples.

Although the ADASYN method can achieve the same recall value as LReDDPM (ours) when the sample size
is small, the G-mean and Accuracy of the ADASYN method decrease more significantly. These results indicate
that ADASYN’s recognition for the complex distribution of samples is insufficient. When TVAE and our method
generate the same sample size, the Accuracy improves compared to the original dataset. However, the recall value
decreases the most of TVAE. Maybe the samples generated by TVAE cause a shift in the classification interface, and
this method does not adequately reflect the distribution of the minority class. The analysis presented above shows
that the coupling between the samples generated by our method and the classifier is not strong. Performance
improvement primarily arises from the generated samples that are more closely aligned with the selected region.
Consequently, the impact on the classification of the majority class is minimal, further demonstrating the model’s
effectiveness in generating samples.

F1-score Comparison. The AUC value only considers the sorting ability of the classifier, not its calibration
ability. To achieve a comprehensive performance evaluation, we combined the F1-score and G-mean as two
evaluation indicators for thorough consideration. As shown in Table 5, the classification results of our method
remain the best across all datasets. In addition, the F1-score across all datasets has improved compared to the
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Table 4. The AUC values of the dataset under different methods (Logistic Regression)

Method segment0 spambase spectfheart turkish yeast3 page0 rice crg abalone17 parkin
ADASYN 99.899 £.000  95.469 +.000  88.148 £.000  97.401 +.000  96.289 +.000  95.044 £.000 98.196 +£.000  79.095+.000 91.943 +.000 89.266 £ .000
BorderlineSMOTE =~ 99.895 +.000  95.478 +.000  86.420 +.000  97.133 £.000  96.237 +£.000 ~ 94.903 +.000  98.202 +.000  78.798 +.000  90.393 +.000  88.319 +.000
FinDiff 99.891£.000 95.410 +£.000  87.654 £.000  96.953 £.000  96.424 +£.000  94.569 £.000  98.220 +£.000  78.762 +.000  89.454 £.000  88.550 + .000
TVAE 99.897 £.004  95.443 +.007  87.358 £.807  97.616 £.250 96.335£0.035 95.257 £.183  98.222+.001  78.955+.279  90.350 £.135 88.462 + .233
CTGAN 99.894 £ .005 95.427 +.035 86.617 +1.412  96.595 +.595 96.561 £ 0.127 94.233 +.754  98.221+.003  79.369 +.313  89.895 + .464  88.721 + .256

LReDDPM(ours)  99.907 +.000 95.505+.000 88.395+.000 97.670 +.000 96.590 +.000 95.274+ .000 98.223 +.000 80.321+.000 90.568 +.000  89.220 +.000

Original 99.891£.000 95419 +.000  86.914 £.000  97.133 £.000  96.310 +£.000  95.060 £.000  98.224 +£.000  79.143 +£.000  89.978 £.000  88.873 +.000

original imbalanced dataset, indicating that our newly designed method can better balance the two metrics of
Accuracy and recall. For instance, in the segment0 dataset, the sample expansion methods, except CTGAN and
LReDDPM (ours), decrease the F1-score. Below, we comprehensively analyze the Accuracy and recall values
under the CTGAN method (see Appendix C, Table 14). The Accuracy of CTGAN increased to 96.222%, while the
recall value decreased to 79.795%. These data suggest that although both methods have improved the F1-score,
the overall enhancement may come at the expense of classification accuracy for certain classes. Although our
method experiences a slight decrease in recall, this decline is relatively minor, while the increase in the F1-score
is substantial. Additionally, the BorderlineSMOTE method demonstrates the slightest reduction in recall value (a
decrease of 0.031). However, it also incurs the highest drop in Accuracy (a decrease of 0.052), and the F1-score
remains unimproved. Consequently, while BorderlineSMOTE enhances the classification accuracy of the minority
class, it simultaneously heightens the risk of misclassification for the majority class. Therefore, the segment0
dataset effectively demonstrates the advantages of our new approach.

Under the LReDDPM (our method), the F1-score of the four datasets—yeast3, crg, abalonel17, and parkin has a
higher improvement rate than other datasets. The results of experiments indicate that the gradient information
from regional samples can be utilized more effectively to generate samples that align with the direction of these
regional samples, rather than being overly influenced by samples from the majority class. As illustrated by the
partitioning information of the abalone17 dataset, the results presented in Table 3- 5 utilize only samples from
region 1 to generate three samples. However, this approach can also enhance the classification performance of
the classifier. The analysis indicates that the guidance information is pivotal in influencing the movement of the
decision boundary. Furthermore, recognizing and focusing on sample information from various regional types
can provide additional insights and guidance for our reverse diffusion process (see Tables 7 and 10).

Table 5. The F1-score values of the dataset under different methods (Decision Tree Classifier)

Method segment0 spambase spectfheart turkish yeast3 page0 rice crg abalone17 parkin
ADASYN 85.532+.215 89.168 +.073  41.601+.988  79.620 +.511  65.638 +£.217  38.728 +.252  85.775+.159  43.689 + .438 3.788 +.225 23.409 + .307
BorderlineSMOTE ~ 85.415 +.157  89.834 +.108 23.447 +1.303  79.913+.176  63.965 +.128  47.670 +.477  86.066 +.114  47.157 + 453  25.822 +1.517 32.589 +3.584
FinDiff 85.307 £.123  89.296 +.142  20.490 £ .609  82.666 +.183  66.490 £.659  50.991+.710 87.371+.064 43.318 +.188  23.757 +1.225  38.288 +.904
TVAE 85.526 +.153  89.107 +.615 34.140 +4.031 83.930 + 1.591 64.419 £5.139 61.934 £5.372 86.949 £ .987 48.590 + 1.892  20.059 +3.023  30.538 + 6.380
CTGAN 85.633 £.091 88.878 +.313 32.761 +5.383 81.084 +£7.379 68.479 £6.771 50.672 £4.042 86.910 £.641 48.926 +2.499 20.739 +£1.012  39.457 + 5.469
LReDDPM(ours) ~ 85.737 £.097 90.168 +.065 42.171+.803 86.450 +.295 70.494 +.348 66.415+ .481 87.397 +.071 51.842+ .443 31.660+1.095 43.708 +.595
Original 85.578 +£.211  89.242+.098  40.102+.781  84.616 +.797  58.983 £.577  65.879 £.653  85.620 £.129  43.149 + .335 20.570 + .867  24.698 + 1.267

Comparison of G-mean Values. Figure 3 presents a comparative graph of the G-mean values across all
datasets. The figure demonstrates that the G-mean value achieved by our method remains favorable.

Generate Visual Comparisons of Samples. To examine the influence of the samples generated by our
method on classification results, we will observe the locations of the generated samples from a visual perspective.
This approach also illustrates how the guided samples address the complex distribution of the minority class. We
will employ visualization methods to project multidimensional data into a low-dimensional space while preserving
the structural properties of the data. t-Distributed Stochastic Neighbor Embedding (t-SNE) is a dimensionality
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Fig. 3. Comparison of G-mean values across all datasets
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Fig. 4. The location of the region where samples are generated using various methods

reduction technique well-suited for visualizing high-dimensional datasets. It emphasizes the retention of local
distances to keep similar instances grouped. This technique enhances the ability to capture the local structure of
high-dimensional data while also revealing the global structure (Van der Maaten and Hinton 2008). This article
uses t-Distributed Stochastic Neighbor Embedding (t-SNE) to visualize samples generated by various methods.
The visual image helps us intuitively observe that the locations of these samples are distinct. Figure 4 illustrates
the dimensionality reduction graphs of the generated samples across four datasets, while the graphs for the
remaining datasets are available in Appendix D.

Notably, the sample size produced by the ADASYN method differs from that of the other five methods. As
illustrated in Figure 4, the minority class generated by our new method are more concentrated within the guided
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sample region and exhibit less overlap with the majority class. In contrast, CTGAN and FinDiff may deviate from
the sample range of the minority class, encroaching upon the majority class region and significantly impacting the
classification boundary. The minority samples generated by TVAE are closely aligned with the original minority
samples, while the samples produced by BorderlineSMOTE are more concentrated in the border area. Figure 4
provides an alternative perspective that demonstrates our method’s effectiveness in improving the classification
performance of downstream tasks.

5 Other Experiments
5.1 Different Gradient Guidance

As mentioned in the previous statement, to simplify the calculation, the reverse process sampling §(y|s, x;)
directly selects the gradient of the distribution §(y|s) for sample generation. This section discusses the method
of selecting §(y|s, x;) according to the original formula to generate samples under gradient conditions. It also
examines the gradient-guided sample generation method, similar to that described by Dhariwal and A. Nichol
(2021), which focuses solely on x; without considering regional samples. The remaining parameters, including
guided sample types, generated sample size, and classifier information for these two methods, are consistent
with those presented in Tables 3 and 5. Therefore, the comparisons in Table 6 are made solely concerning Tables
3 and 5. The “+” and “-” in parentheses following the AUC and F1-score in Table 6 indicate the following: the
symbol “+” indicates the method outperforms the optimal results found in Tables 3 and 5, "-" means that it is
not better than the optimal results in Table 3 and 5. As shown in Table 6, neither §(yls, x;) nor §(y|x;) surpasses
the sample generation method of §(y|s) . This is also the reason why §(y|s) was chosen to initiate the sample
generation process discussed earlier.

Table 6. The Results of Different gradients ¢(y|s, x;)

segment0 spambase spectfheart turkish yeast3 page0 rice crg abalone17 parkin

o AUC  89.831+ .469(+) 92.009 + .052(+) 57.044 + .456(-) 94.020 +.170(-) 85.554 +.169(+) 86.675 % .296(-) 86.659 +.063(-) 66.193 + .282(+) 57.412 + .411(-) 34.208 + .471(-)
AW gy geore 85721+ 247(-)  90.841 % .060(+) 29.974 +.532(-) 85.770 + .348(-) 72.984 + .205(+) 65.446 + .400(-) 85.370+.071() 53.056 + .388(+) 16.138 +.734(-) 23.150 + .541(-)

AUC  89.871% .331(+) 91.267 +.036() 59.230 + .928() 94.001 + 366(-) 86.123 *.152(+) 87.533 % .328(-) 87.713 +.111() 57.312+ 386() 57.688 + .324(-) 31.047 = .387(-)
Fl-score 85.611:+.209(-) 90.009 +.043(-) 32482+ .976(-) 85.959 % .497(-) 73.415+ .436(+) 65.666 +.720(-) 86.582+.126(-) 40.884+.517(-) 16.660 .694(-) 20.230 + .510(-)

4(ylxe)

5.2 Different Regional Types

Table 7 presents the results of the new method we developed. The parameters remain identical to those in Table
3. The only modification is the guided regional samples type, which allows us to observe its impact on the
classification results. The symbol “-” in parentheses indicates that the value is lower than the result of LReDDPM
(ours) as shown in Table 3 and Table 5. As illustrated in Table 7, when samples are generated from a different region
within these datasets, the performance results for the three evaluation metrics—AUC, F1-score, and G-mean—are
not superior to those from the first or second region types. Specifically, the crg dataset selects the first region,
while the remaining three datasets (with the results for abalone17 presented in Table 10) select the second region.
Since the second regional samples type is the boundary type sample, the results in Table 7 are further compared
to the BorderlineSMOTE method. Tables 3 and 5 display the outcomes of the BorderlineSMOTE method. Figure
3 presents the G-mean value. It is evident that when comparing the classification performance of the samples
generated from the second region of the three datasets—yeast3, rice, and abalonel7—with the classification
performance achieved using BorderlineSMOTE, the results for yeast3 and abalone17 under BorderlineSMOTE are
superior to those obtained by our method from the second regional samples. However, as illustrated in Table
5 and Table 10, we can identify a more effective guidance region than that provided by the BorderlineSMOTE
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method. The discussion in this section demonstrates that the new method we have developed is highly flexible
and not confined to a single guidance region.

This method integrates the distribution characteristics of samples across various dimensions, tailored to
different classification tasks and their associated difficulties, thereby offering a broader range of classification
strategies. In practical applications, we can assess the sample generation performance guided by different regions
to enhance the recognition of the minority class and minimize the likelihood of erroneously deleting samples
situated in low-density regions. Furthermore, the guidance information can be adjusted based on the detection
results, addressing the issue of sample scarcity in real-world applications and reducing the costs associated with
misclassification.

Table 7. The Results of Different Region

yeast3 rice crg

AUC  78.679 + .486(-) 87.668 +.044(-) 60.700 + .225(-)
Fl-score 63.214 % .670(-) 86.580 +.049(-) 44.975 % .333(-)
G-mean 76.934 + .598(-) 87.632 +.045(-) 58.615 + .283(-)

5.3 Different Hyperparameters of ©

Tables 8 and 9 illustrate how different hyperparameters affect sample generation. We analyze the optimal results
of various evaluation metrics for each dataset, where the classifier, the sample size, and the selected guidance
region are consistent with those presented in Tables 3 and 4.

(1)In the case of 7 = 1 (the first row of Tables 8 and 9), based on the evaluation metrics of AUC and F1 score,
only three datasets demonstrated simultaneous improvement in classification performance. The three datasets
presented in Tables 8 and 9 are yeast3, page0, and crg.

(2) In the case of 7 = 60 (as shown in the second row of Tables 8 and 9), there are four datasets that demonstrate
improved classification performance based on the evaluation metric AUC. Additionally, the number of datasets
exhibiting an enhanced F1-score is slightly higher. However, it is important to note that these improvements are
not fully synchronized, and the number of datasets experiencing a decline in performance exceeds those that
show improvement. In specific datasets, we observed that, compared to the results of the method proposed in
Section 4 (LReDDPM), while the Accuracy improved, the recall values declined. For instance, the recall for dataset
segmentO is 80.133%, for page0 it is 77.497%, and for abalonel7 it is 32.867% (see Appendix C, Table 15). The
corresponding Accuracy are 96.253%, 91.613%, and 97.011%, respectively. Compared to our method, the recall for
the three datasets decreased by 0.185, 0.712, and 0.266, respectively, while the Accuracy increased by 0.022, 0.158,
and 0.054, respectively. The experiments’ results indicate an improvement in the classification performance of
the majority class, suggesting that the samples obtained under this parameter are more conducive to identifying
the majority class. However, the classification performance of the minority class, which we focus on, is not
adequately represented, resulting in an inability to achieve the desired outcomes. Overall, the comprehensive
results across multiple indices show significant fluctuations in model performance, indicating poor robustness
under this parameter.

(3) In order to analyze the influence of gradient information on the model as it changes with each time step, we
consider the case of 7 = 1/ \//Tt (0 £t <T) (as shown in the third row of Tables 8 and 9). Specifically, the closer
the data is to the original data x,, the more significant the gradient information becomes, resulting in a higher
weight being assigned to it. From the three different values presented above, the results are not satisfactory.
When r =60 and 7 =1/ \/F , the samples generated by the model demonstrate better classification performance,
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as indicated by the AUC and F1-score metrics, compared to when 7 = 1 alone. Consequently, the results discussed
in Section 4 of this article are all based on 7 = 60 % 1/ \/E for training the model and conducting the experimental
analysis.

Table 8. The AUC Results of Different hyperparameters 7

Method segment0 spambase spectfheart turkish yeast3 page0 rice crg abalone17 parkin
=1 89.727+ 443(+) 91326+ .058() 64.156 +.812(-) 94.256 +.168(+) 83.305 +.297(+) 85.866 % .185(+) 88.165+.133() 68.800 + .288(+) 65.502 + .892(-) 37.421+ .518(-)
=60 89512+ .209() 91.261+.083(-) 64.104 + .824() 94.422 +.190(+) 83.344 + 318(+) 85.834 +.094(+) 88.161+.051(-) 68.937 =.297(+) 65.639 +.708(-) 37.611 +.323(-)

T=1/B 89.455+ .288() 91.472%.045(+) 68.881+1.300(+) 94.314+.217(+) 83.175+ 355(+) 86.174+.091(+) 88.393+.121(-) 51.522+.611() 66.023 + 328(+) 60.193 +.934()

Table 9. The F1-score Results of Different hyperparameters ¢

Method segment0 spambase spectfheart turkish yeast3 page0 rice crg abalone17 parkin
=1 85.677 £.178(-)  90.044 + .084(-)  38.206 + 1.052(-)  86.327 +.166(-) 70.804 + .400(+) 66.638 +.435(+) 87.091 +.150(-) 56.691 +.352(+) 31.542+ 1.617(-) 26.810 + .488(-)
T=60  85.772+.131(+) 89.967 +.088(-) 38.234 +.962(-) 86.707 .282(+) 70.901 +.520(+) 66.707 + .354(+) 87.086 +.058(-) 56.864 + .368(+) 31.920 + 1.295(+) 26.950 + .278(-)
t=1/y/B; 85.555+.188() 90.222+.053(+) 42.882+ 1.304(+) 85.865+.247(-) 70.552+.501(+) 87.093 +.214(+) 87.357 % .135(-) 40.608 + .546(-)  32.295+.720(+) 43.216 + .984(-)

6 Discussion

Discussion of Regions 3 and 4. According to the division results of sample types (see Table 12 in Appendix B),
the sample sizes across the four regions are not uniform. Some datasets have insufficient sample sizes in regions 3
and 4. For instance, segment0 contains only one sample belonging to both regions 3 and 4. This article primarily
analyzes sample generation based on region 1. Here, we compared the classification results generated by the
spambase and abalone17 datasets using samples from region 2, region 3, and region 4. The method employed is
LReDDPM (our approach), and the parameters are consistent with those specified in Tables 3 and 5.

It is evident from the results presented in Table 10 that the generated samples from different regions exert
varying influences on the downstream classification task. We can selectively choose the most effective regional
samples to guide the model based on specific requirements. The model provides insights into the local distribution
of various sample types from a different perspective, enhancing the traceability of sample recognition in practical
applications and reducing the associated costs. Additionally, sample generation is not confined to a single type. It
can facilitate sample generation based on multiple regional information, allowing for the creation of a wider
variety of mixed sample generation modes.

Training DDPM Using Regional Samples. We may question whether the forward process of the model
can be trained directly using regional samples from the minority class and how this will impact the subsequent
classification task when the training set is augmented with the generated samples. Would this approach yield
better results? In this regard, we conducted an additional experiment to train DDPM using only regional samples
and examined the classification results based on various evaluation metrics across all datasets. The regional
samples used here are the same as those employed by LReDDPM for guidance in Tables 3 to 5. As shown in
Table 11, the results for the segment0 and abalone17 datasets have improved compared to the optimal outcomes
achieved with our previous method. However, the classification results for the other datasets have declined
according to the provided evaluation metrics. This method exclusively utilizes regional samples to train the
diffusion model. Given the high consistency of the diffusion model with the distribution, the generated samples
tend to cluster around the sample type within this region. This clustering may lead to a small sample block,
restricting the potential for improvement across the two classes.

Discussion of the Types of Regions in the Synthetic Data. To further verify whether the samples generated
by LReDDPM correspond to their respective regional types, we divided all samples produced from the datasets
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Table 10. The AUC/F1-score/G-mean Results of spambase and abalone17 (region 2/3/4)

AUC F1-score G-mean

LReDDPM-r2 91.967 +.045 90.784 +.053  91.961 + .045
spambase LReDDPM-r3 91.838 +£.058 90.668 + .067  91.825 + .058
LReDDPM-r4 91.993 £.060 90.838 + .069  91.983 + .060
LReDDPM-r2 57.912 +.635 17.694 £1.296 41.207 +1.634
abalonel7 LReDDPM-r3 67.424 +.883 34.680 = 1.417 59.730 + 1.501
LReDDPM-r4 60.148 +.694 21.269 +£1.104 46.068 + 1.697

Table 11. The Results of DDPM. The x; is directly using the regional samples

segment0 spambase spectfheart turkish yeast3 page0 rice crg abalone17 parkin
AUC  89.718 + .182(+) 90.482 % .060(-) 65489 +1.847(-) 87.772+ 451(-) 80.488 % .274() 84.707 £ .209(-) 87.713 +.033(-) 62.970+ .172(-) 66.965 % .525(+) 49.307 + .446(-)

Fl-score 86.033 +.300(+) 89.092+.069(-) 38.754 + 1.856(-) 75.812%.499(-) 66.071+ .379(-) 55.231+.321() 86.561+.040(-) 47.589 % .212(-) 33.956 +.686(+) 27.898 % .461(-
G-mean  89.174 + 213(+) 90471 +.060() 64.627 + 2.046(-) 87.743 + .449(-) 79.104 + 332() 84.262 % .251(-) 87.638%.036(-) 60.454 + .155(-) 58.887 +.991(+) 45.919 + 353(-

accordingly. The categorization method follows Formula (5) described in Section 2.1. The experimental procedure
was as follows: we replaced the regional samples used for guidance in the original training set with the samples
generated by LReDDPM. Then, we performed sample type categorization on the minority classes within the
modified training set using Formula (5). Finally, we verified whether the samples generated by LReDDPM still
belonged to their corresponding regional types. The Figure 5 illustrates the regional sample types of the synthetic
data. As shown, most datasets consistently generate the same types of regional samples according to their
corresponding regional sample guidance. Notably, for the specttheart and crg datasets, the selected samples used
for guidance correspond to the second regional sample. In these two datasets, some sample types generated
by the LReDDPM method have been converted into safe regional samples. This transformation has a relatively
minor impact on the classifier. Additionally, except for segment0, page0, and crg—which exhibit very few samples
transformed into outlier samples—the synthesized samples in the other datasets largely remain within the original
safe or boundary regions. These synthesized samples effectively enhance the classifier’s ability to learn the
decision boundary, thereby improving the classification performance of LReDDPM.

7 Conclusions

In this study, we investigate the binary classification task involving imbalanced datasets. The classes of primary
interest exhibit characteristics such as small sample sizes, high dimensionality, and diverse distributions, which
pose significant challenges to the classification task in practical applications. However, existing oversampling
methods are somewhat limited in their ability to enhance classification performance, and the efficiency of the
sampling process is suboptimal in light of the aforementioned issues. On the other hand, the diffusion model is
characterized by its strong alignment with data distribution and high sample synthesis efficiency. In order to
address the challenges posed by the presence of the minority class, this article first categorizes the types of the
minority class and subsequently designs a guided diffusion model based on the minority class of various regional
sample types.

We analyze ten imbalanced datasets and evaluate the performance of five different synthetic sampling methods
using multiple assessment metrics. We compare the effects of these methods on classifier construction after
generating an augmented training set and investigate how various gradients, region types, and hyperparameters
influence the model’s ability to generate samples. Our analysis reveals that the new method achieves superior
downstream classification performance. It can produce diverse generated samples based on different regional
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sample types, leading to varying improvements in classification performance. This approach offers greater
flexibility by providing multiple sample generation modes that are not restricted to a single region. The flexibility
of our method improves our classification strategies while accommodating the distribution characteristics of the
minority class.

8 Future Work

Because our method relies on partitioning the minority class, which depends on distance calculations, the process
becomes slow when the number of feature variables is large (as observed with the parkin dataset), resulting
in high time complexity. Therefore, the future directions for work are as follows: (1) We can first reduce the
dimensions through methods such as feature selection and then categorize the region types of the minority class
after the dimensionality reduction. (2) Guided by the objective of enhancing subsequent classification tasks, the
model’s forward process is trained directly using either samples from the minority class or the entire training set.
This approach further improves both the quality of sample generation and the model’s classification performance.
(3) Instead of utilizing the simplified version §¢(y|s) of the distribution ¢(yl|s, x;), we will continue to optimize the
diffusion model based on the gradient information of §(yls, x;). In addition, it is important to note that we did
not directly balance the sample sizes of the minority and majority classes. Instead, we select the sample size that
the model should generate based on the results of the sample division types. Without categorizing the sample
division types for the minority class, determining the appropriate sample size for the model remains a significant
challenge. These issues will be addressed in future research. Furthermore, our future work will also focus on
challenges related to generated samples being transformed into outliers.
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A Derivation of the Forward Process in the Diffusion Model
Let

q(x0) := q(xo)

q(xes1lxe, s.y) = q(Xpr1lxr, 5)

4(s|xo) :=local region type

G(xr41lx2,8) = q(xp41lx) @
T

q(x1rlx0,8,Y) = l_[ q(xt|xe-1,5.9)
t=1

Where, the variable s represents the regional characteristics of the sample, specifically the intrinsic traits of the
minority classes within the sample. When we define the forward denoising process ¢ under conditions y and s,
we can prove that the denoising operation of § is just similar to the denoising process of g under conditions y
and s. At the same time, we first derive the operation G(x;4+|x;) of the unconditional noise process §.

First of all,

§(xenrlxr) = / §(xen, slxe)ds
~ [aals.xitlas
~ [l ®
=~ axrale) [ atsl)ds

= q(xpe1lxs)

= C?(xt+1|xt, 5)
G(x17|x0) =/ G(x1.1, Y, S|x0)dyds
y.s
- / 65, s1x0)d(xrrl %o, y, 3)dyds
y.s
T
= [ dtwist) [ dCocbrems, o s)dyds
Yss t=1

T
= / Cj(y5 s|x0) l—l q(xtlxt_l)dyds (9)
y,s

t=1

g(xilxi_1) / 4y, sIx0)dyds
Y,s

1~ I~

q(x¢|x;-1)

1l
-

t
= q(xlzT|x0)
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G(x;) = / q(xg, ..., x)dxo:1-1

X0:t-1

- / G50 x| 0) oy

X0:2-1
= / q(x0)q(x1:¢]x0)d0:1-1 (10
X0:2-1
= / q(xo, - - > x¢)dxo:t-1
X0:2-1
=q(x:)
As a result,
G(xt) = q(xz) (11)
G(xra1lxt) = q(xe41lxt)
We can deduce,
ACxubeins) = el () = LI, (12
G(xr41)
When t # 0,
N G(xt, 8, Xr+1)
G(xels, xp41) = —Q(s, Xir1)
G(xt)G(s|x)q(xrals, x¢)
- GOcr1)q(slxe+1)
~G(x0)§(s)q(xr41ls, xr) (13)
- G(xr+1)4(s)
_ G(x)q(xe+11%r)
- q(xz41)

= q(x¢|xe+1)
In Formula (13), when ¢t > 1, x; has not yet been added to region s, therefore §(s|x;) = ¢(s). When t > 0,
d(slx1+1) = G(s). And,
C?(xt, S, Y, xt+1)
C?(xt, S, xt+1)
G(xt,8,y)  q(x1,8, Y, X141)
G(xt, 8, x041)  G(x1,8,y)
= —Aq(ylxt,S) G(xr+11xt,8, )
G(xr+11x1,5)
q(ylxt,s)
- G(xr+11x,8) A(xsibes)
=q(ylxs,s)

Q(y|xt, S, xl‘+1) =

B Division of Minority Class Examples Types

This section includes a table (see Table 12) that displays the percentage of each of the four sample types within
the minority class in the training set.
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Table 12. Types of minority class examples (percentage of the training set(%))

safe(region 1) border(region 2) rare(region 3) outlier(region 4)

segment0 96.5909 2.6515 0.3788 0.3788
spambase 77.1670 17.2657 2.5370 3.0303
spectfheart 6.5217 89.1304 0 4.3478
turkish 73.1707 26.8293 0 0
yeast3 55.5556 24.6032 4.7619 15.0794
page0 68.9342 20.1814 4.0816 6.8027
rice 83.7500 11.4844 1.5625 3.2031
crg 17.0833 63.7500 8.3333 10.8333
abalonel7 6.2500 27.0833 25.0000 41.6667
parkin 33.1169 57.1429 5.1948 4.5455

C Additional Results of Evaluation Metrics

This section contains a total of six tables. The first three tables are as follows: Table 13 presents the G-mean,
Recall, and Accuracy values for the parkin dataset under two different classifiers; Table 14 displays the Recall and
Accuracy values for three methods applied to the segment0 dataset; Table 15 shows the Recall and Accuracy
values for three datasets (segment0, page0, and abalone17) evaluated with two methods (LReDDPM-r_var and
LReDDPM (ours)). Tables 16 through 18 provide detailed indicator results based on three distribution distance
metrics.

Table 13. G-mean, Recall and Accuracy (parkin)

G-mean Recall Accuracy

ADASYN 37.960  35.333 42.268

Decision Tree TVAE 44304 46.684  47.189
LReDDPM(ours)  60.214  63.474  59.171

Original 41.947 29.386  56.237

ADASYN 79.704  84.211 77.632

Logistic Regression TVAE 80.870  80.526  81.053
LReDDPM(ours) 81.082 84.211  79.605

Original 81.988 84.211 80.921

Table 14. Comparison under several different methods (segment0)

Recall Accuracy

BorderlineSMOTE  80.369 96.127

CTGAN 79.795 96.222
LReDDPM(ours) 80.318  96.231
Original 80.400 96.179
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Table 15. Recall and Accuracy (LReDDPM-r_var, 7 = 60)

Recall Accuracy

LReDDPM-r var 80.133 96.253
LReDDPM(ours) 80.318  96.231
page0 LReDDPM-r_var 77.497 91.613

LReDDPM(ours) 78.209  91.455
LReDDPM-r_var 32.867 97.011
LReDDPM(ours) 33.133  96.957

segment0

abalonel7

Table 16. The Jensen-Shannon Distance(JS) between synthetic data and real data

segment0 spambase specttheart turkish yeast3  page0 rice crg abalonel7  parkin

ADASYN 0.02813 0.00994 0.01730 0.01947 0.02362 0.01517 0.05316 0.02816 0.09180 0.02453
BorderlineSMOTE ~ 0.04164 0.01294 0.01880 0.02167  0.02317 0.01330  0.04507 0.02644 0.10930 0.01540
FinDiff 0.02123 0.01115 0.01580 0.01570  0.01700 0.00570 0.01833  0.04842 0.11850 0.01570
TVAE 0.03123 0.01666 0.02140 0.02157  0.01702 0.01100 0.02168  0.03120 0.10490 0.03080
CTGAN 0.03959 0.02817 0.03190 0.03147 0.02168 0.00940 0.03418 0.01567  0.08480 0.03980

LReDDPM(ours) 0.02067 0.01765 0.01480 0.01557 0.01842 0.01200 0.01689 0.03318  0.07290  0.01420

Table 17. The Wasserstein Distance(WD) between synthetic data and real data

segment0 spambase specttheart turkish yeast3  page0 rice crg abalonel7  parkin

ADASYN 0.04991 0.02669 0.04880 0.04253 0.02335 0.00950 0.03450 0.05710 0.31130 0.04980
BorderlineSMOTE ~ 0.07564 0.05664 0.04880 0.04717 0.02717 0.00780 0.03330 0.04880 0.43260 0.02500
FinDiff 0.07179 0.05609 0.04880 0.04683  0.00627 0.00770 0.03330 0.04880  0.58700 0.02920
TVAE 0.07198 0.05617 0.04880 0.04650 0.00713  0.00770 0.03330 0.04880  0.41840 0.03040
CTGAN 0.07179 0.05633 0.04880 0.04650  0.01905 0.00770 0.03330 0.04880  0.50320 0.02690

LReDDPM(ours) 0.07218 0.05623 0.04880 0.04683  0.00507 0.00770 0.03330 0.04880  0.34210  0.02650

Table 18. The Maximum Mean Discrepancy(MMD) between synthetic data and real data

segment0 spambase spectfheart turkish yeast3  page0 rice crg abalonel7  parkin

ADASYN 0.84321 1.47890 0.41020 0.98880 0.31133  0.15530 0.71806  6.09152 3.27410 1339.67
BorderlineSMOTE  1.66386 5.70968 0.60470 1.25690 0.29127 0.14310 0.42271 5.93876 4.92830 454.394
FinDiff 1.12516 6.19049 1.45150 2.08837 0.22997 0.10320 0.15326 9.77733 3.61780 1127.85
TVAE 0.47303 1.16262 1.09630 1.54597 0.14137 0.07790 0.11333 5.05607  2.10750 732.476
CTGAN 1.39771 34.9747 2.47600 3.09820 0.21422 0.12370 0.40861 5.89510 3.27180 1246.28

LReDDPM(ours) 1.12414 1.48309 1.44720 2.04013  0.15987 0.17740 0.13806 7.73394  1.12640  24.2620

D Sample t-SNE Graph of Partial Datasets

This section includes a t-SNE graph (see Figure 6) that supplements Section 4.2. Figure 6 illustrates the locations
of the regions where the remaining six datasets generate samples using different methods.
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Fig. 6. The location of the region where samples are generated using various methods (The remaining six datasets)

E Some Symbols and Terms

LReDDPM-r: This abbreviation refers to the samples generated by our method through region guidance. The
number indicates the corresponding region. For example, LReDDPM-r1 signifies guidance by region 1. When not
specified, it denotes guidance by region 1, while the spectfheart and crg datasets are guided by region 2.
LReDDPM(ours)-r_var: This abbreviation represents the hyperparameter 7, which takes the value 7 = 60.
Regional Samples: The letter s in the formula denotes the regional samples, while the letter r represents the
regional samples in the method notation. The regional samples were not explicitly drawn from the training set.
Instead, it was conceptually divided into distinct regions to illustrate the various types of samples. This concept
enhances the understanding of the sample’s local distribution information, which is why the term “region” was
employed.

Received 20 April 2025; accepted 12 February 2026

Journal of Artificial Intelligence Research, Vol. 85, Article 27. Publication date: March 2026.



	Abstract
	1 Introduction
	2 Related Work
	2.1 Types of Minority Classes
	2.2 Gaussian Diffusion Models

	3 Methodology
	3.1 Division of Minority Classes
	3.2 Derivation of the Methodology

	4 Experiments
	4.1 Experimental Setup
	4.2 Results

	5 Other Experiments
	5.1 Different Gradient Guidance
	5.2 Different Regional Types 
	5.3 Different Hyperparameters of tau 

	6 Discussion
	7 Conclusions
	8 Future Work
	Acknowledgments
	A Derivation of the Forward Process in the Diffusion Model
	B Division of Minority Class Examples Types
	C Additional Results of Evaluation Metrics
	D Sample t-SNE Graph of Partial Datasets
	E Some Symbols and Terms

