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Abstract—Positive and Unlabeled (PU) learning aims to train a
suitable classifier simply based on a set of positive data and unla-
beled data. Existing PU methods usually follow a discriminative
framework and yield limited classification performance, because
the lack of explicit negative labels poses a great barrier in training
a discriminative PU model. To address the challenge of limited
supervisory information faced by discriminative PU methods, this
paper introduces generative operation to PU learning in addition
to the conventional discriminative operation, and proposes a
novel algorithm dubbed ‘“Discriminative-Generative Positive and
Unlabeled Learning” (DGPU). Specifically, our proposed DGPU
consists of a data generation stage and a discriminative anno-
tation stage, which can benefit from each other in an iterative
manner. In data generation stage, we employ a tailored diffusion
model to generate high-quality negative examples and positive
examples to efficiently enrich the supervisory information. In
discriminative annotation stage, the classifier is further refined on
the initial and generated training data. To the best of our knowl-
edge, this study represents the first attempt to integrate diffusion
models into PU learning to make generative model and discrim-
inative model benefit from each other in a collaborative way.
Thanks to this, our proposed DGPU significantly outperforms
existing PU methods across a wide range of synthetic and real-
world benchmark datasets. In particular, our DGPU is almost
comparable to the fully supervised counterpart, and improves
the test accuracy of existing state-of-the-art methods by 3.89%
and 2.56% on CIFAR-10 and CelebA datasets, respectively.

Index Terms—Positive and unlabeled learning, diffusion mod-
els, semi-supervised learning.

I. INTRODUCTION

OSITIVE and Unlabeled (PU) learning focuses on binary
classification task, of which the target is to train a
binary classifier based on a set of labeled positive data and
unlabeled data [1]. This learning scenario naturally arises
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in many real-world applications such as disease diagno-
sis [2], [3], hyperspectral image classification [4], anomaly
detection [5], etc.

Given the intensive practical demands as listed above,
PU learning has attracted a great deal of research attention
in recent years. Numerous PU algorithms have been devel-
oped over the past decades [1], [6], [7], [8]. Early works
usually follow a two-step strategy [9], [10], which first iden-
tifies reliable negatives from unlabeled data, and then uses
(semi-)supervised learning to train a binary classifier with
the reliable negative examples and labeled positive examples.
Another prevalent research line is to formulate PU learning as
a cost-sensitive learning problem [1], [8], [11], which directly
treats unlabeled data as negative data with modified impor-
tance weights and has achieved state-of-the-art performance.
Both the two-step methods and cost-sensitive methods follow
discriminative framework, which aims to learn an optimal
decision boundary for separating the positive and negative
classes. However, in PU learning context, the training set
does not contain explicit negative examples, which presents
significant challenges for these discriminative methods to
accurately acquire the decision boundary, therefore impairing
the performance of the established PU classifier.

Some recent studies have employed generative models, such
as Generative Adversarial Networks (GANSs) [12], [13] and
variational autoencoder (VAE) [14], to address this limitation
[15], [16], [17], [18], [19], [20]. For instance, GenPU [18] and
CGenPU [15] utilize the framework of adversarial learning
to train the generator for negative examples, which are then
combined with labeled positive data to train a binary clas-
sifier. However, two critical limitations have constrained their
effectiveness. First, these generative methods fail to harness the
power of discriminative PU methods in the process of training
generative models. They typically optimize for likelihood
or adversarial objectives, neglecting the rich discriminative
signals that could refine the learned data distribution. Second,
these methods rely heavily on less expressive generators, such
as GAN . Despite their success in various contexts, GANs are
often hindered by the issues like mode collapse and training
instability, which ultimately degrade the quality and diversity
of the generated examples.

On the other hand, recent advances in diffusion models offer
a promising alternative. Diffusion models have demonstrated
an exceptional ability to capture the intricacies of data dis-
tributions, yielding high-quality and diverse examples [21],
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[22], [23], which provides substantial motivation for incor-
porating these models to enrich supervisory information in
discriminative methods. As a result, to leverage the generative
capability of diffusion models as well as harnessing the power
of discriminative PU methods, we propose a novel PU learn-
ing algorithm dubbed “Discriminative-Generative Positive and
Unlabeled Learning” (termed “DGPU”), which specifically
utilizes diffusion model to generate high-quality examples for
classifier training. To be specific, two important stages (i.e.,
data generation and discriminative annotation) in our DGPU
alternate, so that they can benefit from each other via an
iterative manner. For algorithm initialization, a preliminary
classifier is trained on the PU dataset with a discriminative
PU algorithm to assign pseudo-labels to unlabeled examples.
In data generation stage, a conditional diffusion model is
trained on both the pseudo-labeled examples and the initial
labeled positive examples to generate an additional set of
synthetic positive examples and negative examples. In dis-
criminative annotation stage, the initial classifier is further
refined in a semi-supervised manner on the augmented labeled
set (including both positive examples and negative examples)
and all unlabeled examples, and the pseudo-labeled examples
generated by the classifier are updated for training the diffusion
model in the next round. To mitigate the negative impact of
low-quality synthetic examples, we reweight each synthetic
example based on the output of the classifier from last round.
As a result, the low-quality synthetic examples would receive
less attention during the training process. As such, a well-
trained classifier obtained in the discriminative annotation
stage could guide the diffusion model in generating precise and
high-fidelity images, which will in turn facilitate the further
improvement of the classifier.

To the best of our knowledge, this is the first work intro-
ducing diffusion models to PU learning to make generative
model and discriminative model benefit from each other in a
collaborative way. Consequently, our DGPU yields superior
performance to existing typical PU learning approaches on
various PU benchmark datasets. For example, our method
achieves error reductions of 3.89% on CIFAR-10 [24] and
2.56% on CelebA [25] when compared with the existing top-
level PU methods. Remarkably, the performance of our DGPU
for PU learning is even comparable to its fully-supervised
counterpart on many datasets.

The rest of the paper is structured as follows. In Section II,
we briefly review some related works to our model, consisting
of PU learning and diffusion models. In Section III, we give
an overview of framework and then provide the details of the
proposed method. Then, we present the experimental results
in Section IV. Finally, we conclude our paper in Section V.

II. RELATED WORK

In this section, we review the prior works relevant to this
paper, including PU learning and diffusion models.

A. Positive and Unlabeled Learning

PU learning is proposed for the setting where only positive
and unlabeled data are accessible for training, and the unla-
beled data may include both positive and negative examples
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[26] but the real labels are unknown before training. PU
learning [27] can be roughly attributed to two-step methods
[9], [10], and cost-sensitive methods [2], [8]. The two-step
approaches first identify reliable negative examples from the
unlabeled set, and then build a classifier on the positive
set, reliable negatives and the remaining unlabeled set. Such
methods mainly differ in the ways to pick up reliable negative
examples. For example, PUbN [28] pretrained a model to
recognize some reliable negative examples, and then combined
positive risk, negative risk, and unlabeled risk to train the final
classifier. HolisticPU [29] assigned pseudo-labels to unlabeled
examples by identifying the unique predictive trend of each
example.

Such sample selection methods might be vulnerable to the
mis-identified negative examples, and the current state-of-the-
art result is usually achieved by cost-sensitive methods. The
cost-sensitive approaches attempt to construct an unbiased or
biased risk estimator by assigning the data points with different
importance weights. Since the first unbiased PU (uPU) risk
estimator [7] was proposed, numerous works have been done
to further enhance the performance [2], [11]. “Loss Decom-
position and Centroid Estimation” (LDCE) [30] decomposed
the loss function of corrupted negative examples into a label-
independent term and a label-dependent term, where only the
latter term is influenced by the label noise. Dist-PU [31]
pursued the consistency between the distribution of predicted
labels and the class prior, which has achieved state-of-the-art
performance. While the above PU learning methods assume
that whether a positive instance is selected as labeled is irrele-
vant to its feature representation, namely instance-independent,
some instance-dependent approaches were proposed, which
assume that the labeling of a positive example depends on
its feature. Representative methods include “Learning from
Positive and Unlabeled Data with a Selection Bias” (PUSB)
[32] and “Labeling Bias Estimation” (LBE) [33]. Recently,
“Latent Group-Aware Meta Disambiguation” (LaGAM) [34]
incorporated a contrastive learning module to extract the
underlying grouping semantics within PU data to produce
compact representations.

Existing generative PU learning frameworks, such as
GenPU [18] and CGenPU [15], adopt adversarial archi-
tectures to synthesize positive and negative examples from
unlabeled data. While these approaches successfully model
the underlying class-conditional distributions, the interaction
between their generator and classifier is either static or one-
directional: once the generator is trained, the classifier is
optimized on fixed synthetic data without further feedback.
As a result, these methods fail to leverage the progressively
improving discriminative ability of the classifier to refine
the generation process. In contrast, our proposed DGPU
introduces a Discriminative—Generative collaborative frame-
work that establishes an iterative feedback loop between the
classifier and the conditional diffusion model. Within this
loop, the classifier provides continuously updated supervi-
sion signals to guide the diffusion model, which in turn
produces higher-quality and more diverse synthetic examples
that facilitate further improvement of the classifier. Moreover,
DGPU incorporates the confidence-based pseudo-labeling, the
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weighted supervised loss, and the debiased unsupervised loss
to stabilize this iterative process, which are absent in GenPU
and CGenPU. Together, these designs enable DGPU to achieve
superior robustness and performance in PU learning tasks.

B. Diffusion Models

Diffusion models are a representative branch of generative
models, which have demonstrated impressive performance in
various domains, including image synthesis [35], [36], [37],
[38], video generation [39], [40], [41], and audio generation
[42], [43]. The origins of diffusion models can be traced back
to the pioneering work [44], which introduced the idea of grad-
ually corrupting data with Gaussian noise until it approximates
a typical Gaussian distribution, and then learning a reverse
process to recover the original data distribution. Ho et al. [21]
advanced this concept in Denoising Diffusion Probabilistic
Models (DDPMs), which employed a reparameterization trick
to simplify the training objective, thereby achieving supe-
rior performance in high-resolution image synthesis. Later,
Nichol and Dhariwal [45] improved the sampling procedure
through better noise scheduling strategies (e.g., cosine noise
scheduling), which significantly enhanced sample quality and
diversity. Building upon these foundations, Song et al. [46]
established a theoretical link between score-based generative
models and stochastic differential equations, thereby enhanc-
ing both the robustness and efficiency of the sampling process.

Conditional diffusion model has recently attracted intensive
attention as it enables to control the generated results accord-
ing to specific purpose. For example, classifier guidance [47]
leveraged the gradient of a classifier to steer the generative
process of a trained diffusion model. Classifier-free guidance
[48] jointly trained a conditional and an unconditional dif-
fusion model, and combined the resulting conditional and
unconditional scores to obtain a trade-off between sample
quality and diversity. The work [49] trained the diffusion
model conditioned on embeddings by using self-supervised
learning techniques.

Despite the significant success of diffusion models in
generative tasks, their application to PU learning remains
unexplored. Our work, to the best of our knowledge, is the
first-ever attempt to introduce diffusion models to PU learning.

III. METHODOLOGY

Let X CR? (d denotes data dimension) and ) = {0, 1} be
the input feature space and output label space, respectively,
p(x,y) be the underlying joint density of (X,)), and p(x) be
the marginal distribution of p(x,y). Let mp = p(y = 1) be the
positive class prior, and 7y = 1 — 7mp be the negative class
prior. In PU learning, only a labeled positive set Xp and an
unlabeled set Xy are accessible for training. Here we consider
the case-control scenario [27], where Xp and Xy are given as:

Xp = {(x;,y;i = Dlx; ~ pp (0}, , (D
Xu = {xilx; ~ pO),, 2)
where pp(x) denotes the marginal distribution of positive data,

and np and ny are the amounts of labeled positive examples
and unlabeled examples, respectively. The aim of PU learning
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Fig. 1. Pipeline of DGPU. In algorithm initialization, a preliminary classifier
is trained on the PU dataset Xpy by using a discriminative PU algorithm,
so that the examples in Xi can be pseudo-labeled. During data generation
stage, a conditional diffusion model is trained on a combination of pseudo-
labeled set X1, and labeled positive set Xp to construct the generated set Xg,
which is subsequently used to augment the labeled set. During discriminative
annotation stage, the initial classifier is further refined in a semi-supervised
manner on the augmented labeled set X; and the unlabeled set Xy, and
the classifier will then be used to update the pseudo-labeled set Xi. The
data generation stage and discriminative annotation stage work in an iterative
manner for collaboration.

is to learn a classifier f: X — ) with the training set Xpy =
Xp U Xy, of which the size is n = np + ny.

Next we will describe our DGPU framework in detail (see
Figure 1). Briefly speaking, the training of DGPU iterates
between the stages of data generation and discriminative
annotation. Initially, a classifier is initialized using a discrim-
inative PU algorithm to assign pseudo-labels to a subset of
unlabeled examples. During data generation stage, the pseudo-
labeled examples along with the labeled positive examples
in Xp are utilized to guide a conditional diffusion model in
generating high-quality examples to augment the labeled set.
During discriminative annotation stage, the initial classifier is
further refined using both the augmented labeled examples
and unlabeled examples in a semi-supervised manner. This
refined classifier is then used to update the pseudo-labeled
set, providing a stronger foundation for the next round of
data generation. The data generation stage and discriminative
annotation stage alternate so that they can benefit from each
other in producing a precise PU classifier.

A. Algorithm Initialization

While employing diffusion models to generate high-quality
training data provides a promising solution for enriching
supervision signals in PU learning, their deployment typically
requires sufficient labeled positive and negative examples. This
poses a significant challenge in PU settings where labeled
positives are scarce and explicit negatives are entirely absent.
To address this issue, we adopt a straightforward yet effective
strategy: we initialize the classifier using an existing discrim-
inative PU algorithm and employ it to assign pseudo-labels to
the unlabeled data.

Specifically, we adopt Dist-PU [31], a state-of-the-art dis-
criminative PU method, to initialize the classifier using both
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the labeled positive set Xp and the unlabeled set Xy. Dist-PU
aligns the predicted label distribution with the known class
prior, thereby mitigating the negative prediction bias com-
monly observed in cost-sensitive methods. Let 4" (-) denote a
weak augmentation operator (i.e., random crop and horizontal
flip), and compute z; = softmax( f(A"(x;))) for each example
x;, where z/ denotes the j-th entry of z;. The objective function
Lalign of Dist-PU is formulated as:

ORI

x eXp

3)

allgn = 27TP

Ly in

x,eXU

The classifier obtained during this initialization stage is
subsequently used to construct the pseudo-labeled set X,
which provides supervision for training the generative diffu-
sion model. This pseudo-labeled set is iteratively updated in
subsequent rounds of discriminative annotation. The detailed
construction strategy of Xi is described in Section III-C.

B. Data Generation

Based on the constructed pseudo-labeled set, we can train
a conditional diffusion model by using a combination of the
pseudo-labeled set and the labeled positive set (i.e., X1, U Xp)
to generate a set of synthetic positive examples and negative
examples. Diffusion models consist of two processes, namely
a forward noising process and a reverse denoising process. In
the forward process, we gradually add noise € ~ A(0,I) to
data xo from time # = 0 to t = T to obtain a series of noisy
latent variables:

q(x/|x0) = N(x;; Vaxo, (1 — @)l), “4)
X = \/@_zxo + V1 -ae, &)

where @ = []i_, @; is a pre-defined noise schedule. Given suf-
ficiently large 7', the latent xy is nearly an isotropic Gaussian
distribution [21]. The reverse denoising process, parameterized
by another Gaussian transition, gradually denoises the latent
variables and restores the real data x, from a Gaussian noise:

Po(xi-11x) = N (x-15 (X, 1), Zo(xy, 1)), (6)

where 6 defines the parameters of the neural network that
predicts the mean p,(x;,¢) and the variance Xy(x,,f) of
the Gaussian distribution. In denoising diffusion probabilistic
models (DDPM) [21], the mean p,(x;,?) is learned and the
variance Xg(x;,t) is set to a constant. The mean u,(x;,t) can
be decomposed as a linear combination of x, and a noise
approximation model €y(x;, f), namely:

1 1—a
Ho(xs, 1) = % (xt - ‘/l—_—fe‘ (xt,l))

The training objective of diffusion model is then derived as:

€o(x,, 1)1, (8)

where E(-) denotes the expectation, and ||-|| corresponds to the
Frobenius norm of a tensor.

Classifier-free guidance (CFG) [48] leverages a conditional
noise approximation model €4(x;,y,7) and an unconditional
noise approximation model €y(x;, ) to enable conditional gen-
eration. Formally, CFG restores x; from a random Gaussian

)

Lait = By, ellle -
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Fig. 2. A visualization of generated images on F-MNIST (top row), CIFAR-
10 (middle row), and CelebA (bottom row) datasets with our DGPU.

noise xy ~ AN(0,I) by iteratively deploying the following
equation:

X1 = — €, (9)

% (xr - Jl—__ci’_ytée(xz,y, t)) + vl
where &y(x;,y,1) = (1 + s)€g(x;,y,1) — s€g(xy, 1), and s is the
guidance strength.

In our DGPU, the conditional diffusion model can be
any well-performing diffusion model in principle. However,
considering that the diffusion process can be time-consuming
and our DGPU needs to invoke the diffusion model in every
iteration, in our work, we adopt EDM [50] for conditional
generation, since it can significantly reduce the number of
sampling steps during generation and thus can be efficiently
implemented. The computational cost analysis can be found
in Section IV-I.

1) Generated Set Construction: With the aid of the well-
trained conditional diffusion model, we obtain a generated set
X6 = Uyepo,11{(Xiy, y)}fi"l, where %;, denotes the i-th generated
image of class y, and K, represents the number of generated
images for class y. The total number of generated examples
is denoted as ng = Ky + K;. To ensure that the generated
data follow the true class prior mp, we set K; = ng X mp and
Ky = ng x (1 — mp). A visualization of the generated images
is provided in Figure 2, revealing that the generated image
examples are very close to the real ones.
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C. Discriminative Annotation

Since the above-mentioned data generation stage constructs
the generated set composed of high-quality positive and nega-
tive data, the original PU learning problem can be reformulated
as a Semi-Supervised Learning (SSL) problem, where the
initial classifier is further refined on the augmented labeled
set X, = Xp U X and the unlabeled set Xy. Importantly, the
classifier is not re-initialized at each round, it is incremen-
tally optimized based on the previously learned parameters
instead. However, the incorporation of low-quality images in
the generated set would negatively affect the training of the
classifier. To mitigate this issue, we leverage the pre-trained
classifier from the previous stage. Specifically, we assign a
unique weight w; to each example x; € X based on the
confidence of the classifier. Let f denote the classifier trained
in the previous stage, the weight w; is determined as w; =
[max(softmax(f(A"(x;))))]'/2. Here the square root operation
is to introduce a sublinear scaling effect for controlling the
degree of emphasis on high-confidence predictions, which has
been shown effective in recent studies [51], [52]. The weighted
supervised loss L is then given by:

1
Ly = @ inefq wiH(i, 2i)s

where H(:, -) denotes the cross-entropy loss, and |-| corresponds
to the size of a set. With the introduction of weight w;, the less
confident examples, which are more likely to be low-quality,
would receive less attention in the training process.

For unlabeled examples, conventional SSL methods [53],
[54] typically adopt a combination of consistency regular-
ization and confidence thresholding, where high-confidence
predictions on weakly augmented examples are used as
supervisory signals for their strongly augmented counterparts.
Formally, the unsupervised loss £, for unlabeled examples is
given by:

(10)

1 N
Lo = 51 Do, Hmax@) > MG 20, (D)

where 9; = arg max(z;) is the predicted label of the classifier,
1(- > 7) is the indicator function for confidence thresholding
with 7 being the threshold. Here, Z; = softmax(f(A*(x;))),
where A*(-) denotes the strong augmentation (e.g.,
RandAugment [55]).

However, previous work [56] shows that this approach may
bias the classifier toward easy-to-learn classes even when the
training data are balanced. This bias would lead to the subop-
timal decision boundary and degraded overall performance. In
our DGPU framework, this problem can be further exacerbated
because the classifier is iteratively refined, with bias introduced
in earlier rounds persisting into later ones and accumulating
its negative effects over iterations. To address this issue, we
adopt Debiased Pseudo Labeling (DPL) [57], which adjusts
the predicted logits by explicitly incorporating class prior
information and correcting the bias introduced by confidence
thresholding. Formally, given the original logits f(A"(x;)), the
debiased logits f;, which are then used to perform threshold
filtering, can be computed as:

Ji = f(A"(x)) — Alogn, 12)
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where A is a tuning parameter that controls debiasing strength,
and 7 is a moving-average estimation of the model’s predicted
distribution. Here we update the estimation of i in a moving-
average manner:

b
q:qur(l—m)Zzi,

i=1

13)

where m € [0, 1) is a momentum coefficient, and b corresponds
to the batch size.

Moreover, we also incorporate a debiased marginal loss
LpmL to encourage a larger margin between positive and
negative class. Lpy is formulated as:

@' +Alogny,)

—_ (14)
Zi:o o ZE+Alog i)

LomL(Pi, Z;) = —log

where ZF is the k-th entry of Z;, and 7y is the k-th entry of
1. We use LpmL (i, Z;) to replace H(P;, Z;) in Eq. (11), and
use the debiased logits f; for threshold filtering, the debiased
unsupervised loss can be formulated as:

< 1
L

b= — l(max(ii) > T)EDML@ia Z),
[Xul

15
x;€Xy ( )
where Z; = softmax( ﬁ). The objective function for discrimina-
tive annotation stage Lg;s is then given by:

Lais = Ls + AC~u~ (16)

1) Pseudo-Labeled Set Construction: As the final step of
each discriminative annotation round, the updated classifier
is used to refine the pseudo-labeled set Xi, which provides
supervision signals for guiding the finetuning of the condi-
tional diffusion model in the next iteration. For each x; € Xy,
we use o; to indicate whether it is pseudo-labeled (i.e., 0; = 1)
or not (i.e., o; = 0). The probability of pseudo-labeling the
example x; € Xy is proportional to the confidence level of
classifier on x;, which is expressed as:

p(o; = 1) o« max(z;). (17

Therefore, the examples with higher confidence levels,
which are more reliably classified, will have a greater prob-
ability to be pseudo-labeled. This selection strategy enhances
the reliability of the pseudo-labeled set by prioritizing high-
confidence examples. Moreover, compared with the strategy
that setting a fixed threshold for selecting the pseudo-labeled
examples, our mechanism ensures that every example has a
chance to participate in the training process of the diffusion
model, thereby mitigating the risk of generating a biased data
distribution and helping prevent mode collapse. The pseudo-
labeled set X1, is then given as:

N
i=1>

XL = Useo.ni(xi, 90)lx; € Xy, 0; = 1} (18)

where §; = argmax(z;) denotes the pseudo-label rendered
by the classifier, and N represents the number of pseudo-
labeled examples for each class. This refined pseudo-labeled
set is subsequently used to guide the finetuning of conditional
diffusion model in the next round of data generation.
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TABLE I
SUMMARY OF EMPLOYED DATASETS

Dataset Input Image Size np ny # Test Data  7p Positive Class Backbone
F-MNIST 28 x 28 500 60,000 10,000 0.4 Top (i.e., Class ID: 0, 2, 4, 6) 6-layer MLP
CIFAR-10 3x32x32 1,000 50,000 10,000 0.4  Vehicles (i.e., Class ID: 0, 1, 8,9)  13-layer CNN

CelebA 3 X 64 x 64 2,000 40,000 1,000 0.5 Male Faces ResNet-18 [58]

Algorithm 1 Pseudo-Code of DGPU

1 Input: Training set Xpy, positive class prior 7p, classifier f
parameterized by 6, conditional diffusion model €g,
trade-off parameter .

Output: The optimal parameters 07 for classifier f.

// Algorithm initialization

Initialize the classifier f with Eq. (3).

Construct the pseudo-labeled set Xy, with Eq. (17) and

(5]

& W

Eq. (18).
5 for iter =1,2,..., do
// Data generation stage
6 Train the conditional diffusion model € with Eq. (8).

7 Construct the generated set X g with Eq. (9).
// Discriminative annotation stage
8 Refine the classifier f with Eq. (16).
9 Update the pseudo-labeled set X1, with Eq. (17) and
Eq. (18).
10 end

D. Interaction Between Data Generation and Discriminative
Annotation

The two key components of our framework (i.e., data gen-
eration and discriminative annotation) work in a collaborative
fashion. In the data generation stage, the goal is to create
high-quality synthetic images. However, generating precise
and realistic images relies on having an accurate pseudo-
labeled dataset. This is where the discriminative annotation
stage plays a crucial role: it continuously refines the pseudo-
labels to improve their accuracy, ensuring that the dataset used
for training the diffusion model is as accurate as possible. With
these improved labels, the data generation stage can produce
more precise and high-fidelity images. These improved syn-
thetic images, in turn, provide richer and more informative
supervision for the discriminative annotation stage, enabling
it to further refine its annotations and improve the performance
of classifier. These two components benefit from each other in
an iterative manner: better annotations lead to better synthetic
images, which in turn further enhance the annotation quality.
Over successive iterations, both stages improve, leading to a
more accurate and robust overall framework. The complete
pseudo-code of our algorithm is shown in Algorithm 1.

IV. EXPERIMENT
To demonstrate the effectiveness of our proposed DGPU,

in this section, we perform exhaustive experiments on several
publicly available benchmark datasets and real-world datasets.

A. Experimental Settings

Datasets. We conduct experiments on three popular bench-
mark datasets including F-MNIST [59], CIFAR-10 [24], and
CelebA [25] datasets. More details of the datasets are provided
below as well as in Table I.

o F-MNIST dataset [59] is a collection of grayscale images
of clothing items and accessories. In our experiments,
the images of tops (i.e., “t-shirt”, “pullovers”, “coats”,
“shirts”) are regarded as positive class and the images
of other classes (i.e., “trousers”, “dresses”, ‘“‘sandals”,
“sneakers”, “bags”, “ankle boots”) are regarded as nega-
tive class.

o CIFAR-10 dataset [24] consists of colored images in
10 different classes including “airplanes”, “automobiles”,
“birds”, etc. In our experiments, we take the images
of vehicles (i.e., “airplanes”, “automobiles”, “ships”,
“trucks”) as the positive class and treat the images of
animals (i.e., “birds”, “cats”, “deer”, “dogs”, “frogs”,
“horses”) as the negative class.

e CelebA dataset [25] contains over 200,000 colored
celebrity images. Following GenPU [18], we build a PU
dataset by treating the first 20,000 images of male faces
as the positive class, and the first 20,000 images of female
faces as the negative class. The last 1,000 faces are used
as test set.

Following the previous work [8], [29], [31], we randomly
select np examples from positive examples to construct the
labeled positive set Xp.

1) Baseline Methods: We choose fifteen state-of-the-art
PU learning algorithms for comparison, which are listed as
follows:

e uPU [7] designs an unbiased risk estimator for PU
learning.

e nnPU [8] overcomes the overfitting problem by forcing
the risk estimator of negative class to be non-negative.

e RP [60] ranks the training data by confidence and selects
the most confident examples as positive or negative.

e PUSB [32] proposes a threshold estimation algorithm to
deal with the selection bias during the labeling process.

e PUDbN [28] first pretrains a model with nnPU algorithm
to classify some reliable positive data, negative data, and
unlabeled data, and then minimizes a risk approximated
by the above three partitions.

o Self-PU [2] employs several self-supervised techniques to
extend the learning capability of the previous PU model.

e aPU [61] deals with the arbitrary positive shift between
source and target distributions.

e VPU [62] introduces a variational principle to relax the
requirement of class prior.

e P3Mix [63] proposes a heuristic mixup technique to
provide data augmentation and supervision correction for
PU learning.

e Dist-PU [31] forces the distribution of predicted labels to
align with that of ground-truth ones.
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e HolisticPU [29] assigns pseudo-labels to unlabeled exam-
ples by identifying the unique predictive trend of each
example.

e LaGAM [34] incorporates a hierarchical contrastive
learning module to extract the underlying group-
ing semantics within PU data and produce compact
representations.

e GenPU [18] employs a complex adversarial framework
with two generators and three discriminators to learn pos-
itive and negative distributions, then uses the generated
data to train a separate classifier.

e CGenPU [15] simplifies GenPU to a single-stage model,
via using one conditional generator and a discrimina-
tor with an auxiliary classifier that serves as the final
classifier.

e VAE-PU [17] is a generative method specifically
designed for the instance-dependent PU setting. It uses
a Variational Autoencoder (VAE) [14] combined with a
GAN to address selection bias.

We additionally include a fully supervised comparator
which assumes complete label observability. This model is
implemented using the same network architecture, optimizer,
and hyperparameters as DGPU, but is trained on the entirely
labeled dataset containing all positive and negative examples
with their true labels.

2) Implementation Details: In our method, the backbone
networks on every dataset are listed in Table I. We follow the
convention [8], [31] to assume mp as known in our experi-
ments. For a fair comparison, all baseline methods are trained
using the same weak augmentation strategy, which includes
random crop and horizontal flip. This ensures that the reported
performance gains of DGPU originate from the algorithmic
design rather than differences in data preprocessing. The
coefficient A for controlling the debiasing strength is set to 0.8.
Following conventional SSL methods such as FixMatch [53]
and DPL [56], we set the confidence threshold parameter 7 as a
fixed value of 0.95 throughout all experiments. The number of
pseudo-labeled examples for each class N is set to 10% of the
number of unlabeled data in each iteration. We use Adam [64]
as optimizer, where the learning rate is set to 1 x 104, and the
batch size is set to 256 for all datasets. In data generation stage,
we use the training configuration of original EDM [50] with
a batch size of 512 and a learning rate of 1 x 1073, Following
previous works [2], [34], [63], we report test accuracy as the
evaluation metric. For each dataset, we train each algorithm
3 times and report the mean and the standard deviation of
the test accuracy. The parametric configurations of compared
methods are the same with their original paper.

B. Comparison With State-of-the-Art Methods

In this section, we evaluate the classification performance of
the proposed method by comparing it with the baseline meth-
ods mentioned above and also the fully supervised counterpart.
The performance of all baseline methods and our DGPU on the
adopted three benchmark datasets is summarized in Table II.
According to the results, we have the following observations:

e On all three datasets, our proposed DGPU outperforms

all competitors significantly. In particular, we improve the
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TABLE I

COMPARISON RESULTS OF TEST ACCURACY (MEANZ£STD) ON F-MNIST,
CIFAR-10, AND CELEBA DATASETS. THE HIGHEST SCORES AMONG
PU LEARNING METHODS ARE HIGHLIGHTED IN BOLD. v DENOTES
THAT OUR DGPU Is SIGNIFICANTLY BETTER THAN THE COR-
RESPONDING METHODS REVEALED BY THE PAIRED T-TEST
WITH CONFIDENCE LEVEL 95%

Dataset F-MNIST CIFAR-10 CelebA
uPU [7] 93.88+0.62 v 88.414+0.41 v 91.80£0.56 v/
nnPU [8] 94.2140.51 v 88914043 v 92.20+0.67 v
RP [60] 92.75+0.99 v 88.7440.15 v 90.53£1.11 v
PUDN [28] 94.884+0.31 v 89.834+0.31 v 92.93+0.33 v
Self-PU [2] 94.914+0.21 v 89.314+0.56 v/ 92.85+0.31 v
aPU [61] 94.55+0.32 v 89.094+0.44 v 92.53£0.55 v
VPU [62] 92.21+1.01 v 87.894+0.51 v 91.7540.78 v
P3Mix [63] 94.3540.25 v 89.214+0.49 v 92734041 v
Dist-PU [31] 95.40+0.31 v 91.884+0.32 v 93.73£0.25 v
HolisticPU [29] 95.54+0.24 v 91954042 v 93.65+0.57 v
LaGAM [34] 95.61+£0.29 v 93.564+0.29 v 94.77+0.44 v
GenPU [18] 88.57+0.51 v 85974041 v 91.77+£0.31 v
VAE-PU [17] 93.91+0.39 v 89.254+0.56 v 92.28+0.49 v
CGenPU [15] 91.044+0.31 v 89.564+0.33 v 92.77£0.29 v

DGPU (ours) 97.441+0.15 97.4540.22 97.33+0.18

Fully Supervised ~ 97.21+0.08 96.5540.11 97.4940.12

best baseline method by 3.89% on CIFAR-10 dataset, and
2.56% on CelebA dataset. The comparison result further
validates the effectiveness of our proposed method.

e The standard deviation of the results of DGPU across
different trials is relatively small when compared with
most of the other methods, indicating that our method
is robust to different selections of initial labeled positive
examples in Xp.

e Our DGPU significantly outperforms all existing gener-
ative PU baseline methods on all three datasets. This
performance gain mainly stems from two advances in
our design. First, DGPU employs a conditional diffusion
model as a stronger generative backbone, which pro-
duces more diverse and high-fidelity data than previous
GAN- or VAE-based PU frameworks, thereby providing
more effective supervision for classifier training. Sec-
ond, DGPU unifies the generative and discriminative
paradigms within a single iterative framework, where the
diffusion generator and PU classifier benefit from each
other in an iterative manner.

e The performance of our DGPU across all three datasets
is comparable to that of its fully supervised counterpart.
This result indicates that DGPU is capable of generating
high-quality, semantically accurate images and providing
precise supervisory signals for classifier training. Notably,
DGPU even surpasses the fully supervised comparator
on F-MNIST and CIFAR-10 datasets. This phenomenon
can be attributed to the strong data augmentation effect
introduced by the conditional diffusion model. The con-
ditional diffusion model in DGPU acts as a powerful
data augmenter that expands the training distribution
beyond the limited real examples. Through iterative gen-
eration, the DGPU framework provides a larger training
set than the fully supervised comparator, exposing the
classifier to richer examples and reducing overfitting to
the limited real data. Similar observations have also been
reported in recent studies [65], where diffusion-based
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TABLE III

ABLATION STUDY OF DGPU ON F-MNIST, CIFAR-10, AND CELEBA DATASETS, WITH v/ INDICATING
THE ENABLING OF THE CORRESPONDING MODULE

Variant ‘ Diffusion Model Weighted Supervised Loss Debiased Unsupervised Loss ‘ F-MNIST CIFAR-10 CelebA
Dist-PU | | 95.4040.31 91.88+0.32 93.73+0.25
I v 96.75+0.28 95.93+0.33  96.154+0.21
I v v 97.01£0.24 96.79£0.22 96.93£0.19
1 v v 96.88+0.17 96.56£0.25 96.64+0.22
DGPU | v v v | 97.4440.15 97.45+0.22 97.33+0.18
TABLE IV

synthetic data improve or even surpass fully supervised
baseline methods in classification tasks.

The main reason for the above merits is that our algorithm
can generate high-quality and diverse images, which accounts
for the performance stability and superiority of the induced
PU classifier when compared with other popular PU learning
methodologies.

C. Experiments Under Instance-Dependent Setting

To evaluate the robustness and generalization of DGPU
under more realistic conditions, we conduct experiments under
the instance-dependent PU setting, where the labeling proba-
bility depends on instance features rather than being randomly
assigned. Following PUSB [32], we first train a model by
logistic regression on the data with ground-truth positive and
negative labels. Then based on the predicted class probabilities
of examples output by logistic regression, we select a subset
of the positive training data as labeled positive set, and then
combine the remaining positive data with negative data to
compose the unlabeled set. Specifically, in every dataset, the
positive examples are sampled according to the following
strategy:

plo=+1lx.y = +1) < (p(y = +11x))"°. (19)
In this way, the positive data that are far from the potential
ideal decision boundary are more likely to be labeled. This
sampling strategy models the situations that the human anno-
tators prefer to label the positive examples that they are almost
sure.

For comparison, we include PUSB [32] and VAE-PU [17],
two representative methods designed for instance-dependent
PU setting. As illustrated in Table V, our proposed DGPU
achieves substantial improvements over methods explicitly
designed to address selection bias under the challenging
instance-dependent setting. This demonstrates that our col-
laborative framework is not only superior in the standard
random-selection setting but also effective at handling the
more realistic instance-dependent scenarios.

D. Ablation Studies

In order to analyze the impact of each module in DGPU, we
conduct ablation studies on F-MNIST, CIFAR-10, and CelebA
datasets, and investigate the model performance. The results
are shown in Table III.

IMAGE GENERATION RESULTS OF FID oN CIFAR-10 AND
CELEBA DATASETS. T INDICATES THAT EDM IS TRAINED
IN A FULLY SUPERVISED MANNER

Dataset |  Method | FID-50K |
EDM [50]T 1.82

CIFAR-10 ‘ DGPU (ours) |  1.84
EDM [50]T 1.87

CelebA ‘ DGPU (ours) |  1.91

TABLE V

COMPARISON RESULTS OF TEST ACCURACY (MEAN+£STD) ON F-
MNIST, CIFAR-10, AND CELEBA DATASETS UNDER THE INSTANCE-
DEPENDENT PU SETTING. THE HIGHEST SCORES AMONG PU
LEARNING METHODS ARE HIGHLIGHTED IN BOLD. v DENOTES
THAT OUR DGPU Is SIGNIFICANTLY BETTER THAN THE
CORRESPONDING METHODS REVEALED BY THE PAIRED
T-TEST WITH CONFIDENCE LEVEL 95%

Dataset F-MNIST CIFAR-10 CelebA
PUSB [32] 92.7240.41 v 86.68+0.53 v 91.12+0.51 v
VAE-PU [17] 93.11+0.81 v 88.11+0.79 v 91.7340.68 v

DGPU (ours)  96.92+0.24 96.74+0.29 97.02+0.32

1) Effect of Diffusion Model: To assess the impact of
diffusion model in our DGPU, we compare the baseline Dist-
PU (which does not utilize any generated data) with Variant I,
where only the diffusion model is enabled. Across all datasets,
we observe substantial performance improvements when the
diffusion model is introduced. The consistent gains across
datasets indicate that the diffusion model does not merely
inflate the data volume, but contributes informative examples
that enhance the decision boundary learned by the classifier.
This validates the effectiveness of diffusion models in PU
settings.

2) Effect of Weighted Supervised Loss: To explore the effect
of the weighted supervised loss, we replace it with the standard
cross-entropy loss during the discriminative annotation stage
(Variant II). Without the confidence-based weighting, low-
quality synthetic images contribute equally during training,
which can mislead the classifier and degrade performance.

3) Effect of Debiased Unsupervised Loss: To evaluate
the effect of the debiased unsupervised loss, we replace it
with vanilla threshold filtering and consistency regularization.
As shown in Table III, removing the debiasing mechanism
leads to noticeable performance degradation, highlighting the
importance of bias mitigation in discriminative annotation
process. Without this debiasing mechanism, the classifier tends
to become increasingly biased toward the majority class (either
positive or negative). This issue is further exacerbated under
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TABLE VI
COMPARISON RESULTS OF DIFFERENT SELECTION OF GENERATIVE MODELS

Dataset | Method | Model | Test Accuracy T | FID-50K |
CIFAR-10 StyleGAN2-ADA [66] GAN 96.06 + 0.35 2.94
DGPU (ours) Diffusion 97.45 + 0.22 1.84
CelebA StyleGAN2-ADA [66] GAN 95.47 £ 0.29 3.22
DGPU (ours) Diffusion 97.33 £ 0.18 1.91
True N Gen N/ ’ < TrueN Gen N
True P Gen P J True P Gen P J
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Fig. 3. t-SNE [67] visualization results of real images and generated images —»— CelebA
on CIFAR-10 and CelebA datasets. The subfigure (a) and (b) correspond to e F-MNIST
CIFAR-10 and CelebA datasets, respectively. 96.0 - | | | . ,
T 1 2 3 4 5

our iterative refinement framework, where the pseudo-labeled
set is continuously updated based on the current classifier’s
predictions. As the bias accumulates over iterations, the
pseudo-labeled set becomes increasingly skewed, ultimately
impairing the training of the diffusion model by providing
imbalanced and misleading supervision.

E. Image Generation Results

To demonstrate the effectiveness of our DGPU in generating
high-quality images, we give an analysis on the generated
images. Qualitatively, we present the generated images of
our DGPU on F-MNIST, CIFAR-10, and CelebA datasets in
Figure 2. As illustrated in Figure 2, our DGPU can generate
high-quality, diverse, and semantically correct images under
the setting of PU learning, which is the key to the supe-
rior performance of our method. Quantitatively, we employ
the Fréchet Inception Distance (FID) [68] to evaluate the
quality of generated images. Table IV demonstrates that our
DGPU achieves competitive performance using only PU data
with EDM [50], which relies on full labels. Moreover, to
further demonstrate that the generated images of our DGPU
can effectively represent the distribution of real images, we
present the t-SNE [67] visualization results of real images
and generated images on CIFAR-10 and CelebA datasets. As
illustrated in Figure 3, there is a noteworthy alignment between
the distribution of generated and real images. This alignment
strongly suggests that our DGPU can provide precise supervi-
sory information for classifier training.

FE. Effect of the Choice of Generative Models

Our DGPU focuses exclusively on diffusion models for data
generation. However, a natural question arises: whether alter-
native generative models, such as the Generative Adversarial
Networks [12] (GANSs), could be potentially applicable. There-
fore, to elucidate why diffusion models are particularly suitable
for PU learning, we substitute the conditional diffusion model
in our DGPU with StyleGAN2-ADA [66], and compare it with

ng/(np + ny)

Fig. 4. Sensitivity to the amount of generated images on F-MNIST, CIFAR-
10, and CelebA datasets.

our original DGPU framework. Table VI demonstrates that
our DGPU significantly outperforms the GAN-based method
in terms of both classification and generation performance.
This superior performance can be attributed to the capability
of diffusion models to generate images of higher quality and
diversity compared to GANSs.

G. Effect of the Amount of Generated Images

In this section, we consider how the performance of classi-
fier depends on the amount of generated data that is used to
augment the labeled set. The results are shown in Figure 4,
where ng is the number of generated images. We observe
that as ng increases, the classification performance improves
monotonically. To be specific, the test accuracy rises sharply
when —S— < 1, but the improvement becomes marginal when

np—+ny

np’ffnu > 1, suggesting diminishing returns from excessive data
augmentation. Interestingly, even at a low ratio of nP’jr—GnU =0.1,

the model achieves surprisingly strong performance. This
indicates that the generated images are of high quality and
can significantly enhance learning performance even in small
quantities. Consequently, we set np’fnu = 1 in our experiments
to achieve a balance between performance and computational

efficiency.

H. Effect of the Selection of Pseudo-Labeled Examples

In this section, we consider how the performance of our
DGPU is influenced by the selection method for pseudo-
labeled examples. Specifically, we empirically evaluate two
alternative strategies for constructing the pseudo-labeled set:
1) No Filtration: all examples in the unlabeled set Xy are
assigned pseudo-labels. 2) Fixed Threshold: only examples
satisfying the confidence criterion max(z;) > d(6 = 0.99) are
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TABLE VII

COMPARISON RESULTS OF TRAINING TIME, TEST ACCURACY,
AND FID ON CIFAR-10 AND CELEBA DATASETS

Dataset | Method | V100-hours | Test Accuracy T | FID-50K |
GenPU [18] 301 85.97 + 0.41 25.94
CIFAR-10 | cGenpu [15] 335 89.56 + 0.33 2135
LaGAM [34] 15 93.56 + 0.29 -
DGPU (ours) 388 97.45 + 0.22 1.84
Celeba | GenPU [18] 1087 91.77 + 0.31 23.49
CGenPU [15] 1152 92.77 + 0.29 19.81
LaGAM [34] 24 94.77 + 0.44 -
DGPU (ours) 1352 97.33 + 0.18 1.91
TABLE VIII

TEST ACCURACY OF DIFFERENT PSEUDO-LABELED SET CONSTRUCTION
METHODS ON CIFAR-10 AND CELEBA DATASETS

Dataset | Method | Test Accuracy 1
No Filtration 96.56 + 0.32
CIFAR-10 | Fixed Threshold 96.87 + 0.24
DGPU (ours) 97.45 4 0.22
No Filtration 96.32 + 0.24
CelebA Fixed Threshold 96.59 + 0.21
DGPU (ours) 97.33 £ 0.18

selected for pseudo-labeling. As shown in Table VIII, both
strategies result in lower performance compared to our original
design. The reason for this performance gap is that, in the
no filtration variant, the model fails to filter out unreliable
examples, thereby introducing noise into the training process
of the diffusion model. In the fixed threshold variant, the
diffusion model tends to overfit a subset of the training data,
leading to the generation of a biased data distribution.

1. Computational Efficiency Analysis

In this section, we provide a comparative analysis of our
DGPU against representative PU learning baseline methods,
with a particular focus on computational efficiency, classi-
fication accuracy, and generative capability. As shown in
Table VII, although DGPU requires more training time than
GenPU and CGenPU, it achieves substantially higher clas-
sification accuracy and significantly better generation quality
(e.g., an FID of 1.84 on CIFAR-10 and 1.91 on CelebA). Given
the huge performance gap, a trade-off between performance
and computational cost is justified. For completeness, we also
include the results of LaGAM, which is a strong discriminative
PU method that does not involve any generative component.
Since LaGAM is a purely discriminative method without any
generative component, its training time is substantially lower
than that of DGPU. However, DGPU achieves much better
performance on both datasets. This further demonstrates the
advantage of incorporating high-quality generated data into the
PU learning process.

J. Why Diffusion Models Can Benefit Classification?

In this section, we investigate the underlying mechanisms
through which diffusion models enhance classification per-
formance. Our empirical analysis reveals a key phenomenon:

(a) Generated negative images (b) Generated positive images

Fig. 5. A visualization of generated images on F-MNIST [59] under label
noise conditions. The training set was intentionally corrupted with 10%
symmetric label noise. Red bounding boxes indicate generated examples
deviating from the expected class distribution (tops as positive class).

diffusion models exhibit remarkable tolerance to label noise
while preserving sample fidelity. As evidenced in Figure 5, the
generated images demonstrate a notably lower out-of-class-
distribution rate compared to the noise rate present in the
training labels. This observation is particularly significant in
our DGPU setup, where the diffusion model is trained using
pseudo-labels assigned by the classifier. Despite the inherent
noise in these pseudo-labels, the diffusion model is able to
generate images that are more semantically aligned with the
intended classes. This noise-tolerant behavior implies that the
generated data serve as a more reliable source of supervision
compared to the noisy pseudo-labels themselves. As a result,
incorporating these high-quality generated images into the
training process leads to improved classifier performance.

V. CONCLUSION

This paper proposed a new PU learning algorithm termed
“Discriminative-Generative Positive and Unlabeled Learning”
(DGPU) that integrates discriminative model and generative
model into a unified framework for conducting PU learning.
In DGPU, a generative model (i.e., diffusion model), is criti-
cally introduced to enrich supervisory information for training
a discriminative model. Moreover, we utilize discriminative
approach to generate pseudo-labels for better training the
conditional diffusion model, which in turn produces high-
precision and high-fidelity images to enhance the performance
of the classifier. Consequently, the discriminative model and
diffusion model can benefit from each other via an iterative
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manner. As a result, our method has shown superior per-
formance to various state-of-the-art PU learning methods on
diverse datasets. In the future, we believe that the cooperation
of discriminative model and generative model can play an
important role in solving other weakly-supervised learning
tasks such as partial label learning and label noise learning.
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