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Abstract. Deep generative models are widely used in recommendation systems be-
cause of their ability to deal with uncertainty by learning inherent data distribution.
Among deep generative models, Generative Adversarial Networks (GAN) perform
well in recommendation tasks. However, existing Collaborative Filtering (CF) rec-
ommendation algorithms based on GAN generally have problems such as mode
collapse and training instability, which are further aggravated by sparse and noisy
recommendation data. To solve these problems, a Collaborative Diffusion Gener-
ative Adversarial Networks (CDGAN) framework for recommendation systems is
proposed in this paper. Specifically, CDGAN framework is mainly composed of
three parts: feature encoder, diffusion generator, and self-attention discriminator.
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The feature encoder extracts the rating information and side information to ob-
tain potential feature vectors to alleviate the data sparsity problem. The diffusion
generator simulates the complex nonlinear mode of the user-item interaction matrix
through forward diffusion and reverse denoising to reconstruct the user-item interac-
tion matrix to alleviate the problem of data noise. The self-attention discriminator
obtains the user’s specific behaviors and preferences through the self-attention mech-
anism to improve the discriminator’s discriminating ability. Furthermore, a corre-
sponding CDGAN recommendation algorithm is designed based on our proposed
CDGAN framework. Comprehensive experiments are conducted on three real-world
recommendation datasets. The experimental results indicate that, when compared
with multiple representative recommendation models, the proposed CDGAN model
achieves superior performance in the evaluation metrics Precision and Recall on all
datasets, thereby proving its effectiveness.

Keywords: Recommendation systems, collaborative filtering, generative adversar-
ial networks, diffusion models, autoencoder, self-attention mechanism, rating infor-
mation, side information

1 INTRODUCTION

With the advent of the big data era, the application of neural networks in rec-
ommendation systems has increasingly underscored its significance. Amidst the
explosive growth of data, users confront the dilemma of information overload, strug-
gling to promptly access the information they need. Recommendation systems
alleviate this issue by mining the characteristic information and correlations be-
tween users and items, thereby assisting users in uncovering content that piques
their interests from vast amounts of data. At present, a variety of recommen-
dation algorithms have been proposed for the recommendation systems, such as
content-based recommendation [1, 2], CF-based recommendation [3, 4, 5, 6, 7, 8],
and hybrid recommendation [9, 10]. Additionally, many recommendation algorithms
are applied in fields such as POI recommendation [11], trip recommendation [12],
location recommendation [13], and group recommendation [14]. Collaborative Fil-
tering (CF), as a core technology in recommendation systems, it is widely applied
through analyzing and comparing users’ historical behavior data to identify items
that users may be interested in. Among them, CF models based on deep neu-
ral networks have attracted significant attention in both industry and academia
due to their powerful feature extraction and learning capabilities. These models
can effectively capture user preferences from their historical interactions while safe-
guarding user privacy, without requiring excessive auxiliary and sensitive informa-
tion.

In recent years, Generative Adversarial Networks (GAN) [15] and its variants
have been increasingly applied in CF, such as IRGAN [4] and CFGAN [5] which
leverage generative adversarial training to learn more accurate user preferences and
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item features, thereby enhancing the performance of recommendations. However,
these methods are plagued by issues such as mode collapse and training instability.
Moreover, with the exponential growth of data volume, recommendation systems
are confronted with challenges posed by data noise [16] and data sparsity [17] which
further exacerbate these problems. Data noise may lead to the deviation of user
behavior patterns and reduce the effectiveness of recommendations. To address the
issue of data noise, recently, researchers have started using deep generative mod-
els [18] to learn the underlying structure and distribution of data, thereby reducing
the impact of data noise on recommendation results. On the other hand, data spar-
sity stems from the fact that users typically interact with only a small subset of
products, making it difficult to fully reflect user interests. To tackle the problem
of data sparsity, researchers have begun to focus on the utilization of side informa-
tion. Side information includes additional clues such as user profiles and product
descriptions (in this study, we use user profiles as side information, including the
user’s name, gender, occupation, etc.), which provides the recommendation systems
with more dimensional information. Currently, some studies have started to extract
nonlinear features from side information to assist model training, thereby more ac-
curately predicting user interests and preferences [19, 20]. However, as the side
information usually has high-dimensional characteristics [21], direct use may lead to
difficulties in training.

To address the above problems, we integrate Diffusion Models (DM) [22] and
AutoEncoders (AE) [23] into GAN and propose a model of Collaborative Diffusion
Generative Adversarial Networks for recommendation systems, termed as CDGAN.
Compared with traditional recommendation models, CDGAN can learn more ef-
fective representations from the data and effectively reduce the impact of noise on
the recommendation results. Specifically, we treat collaborative filtering as a click-
through rate prediction problem and generate a user-item interaction matrix through
GAN. The feature encoder uses AE to extract features and reduce dimensions of
user behavior data and user side information, aiming to convert high-dimensional
side information into low-dimensional latent feature vectors. This method not only
solves the problem of high-dimensional data but also improves the ability of GAN
to mine sparse data. The diffusion generator integrates the DM as the generator,
reconstructing the user-item rating matrix through forward diffusion and reverse de-
noising processes, thereby removing data noise and improving the stability of GAN.
The self-attention discriminator uses the self-attention mechanism to learn local fea-
tures and global structures in the data, enhancing its ability to distinguish between
real and generated data, thereby indirectly promoting the generator to produce pre-
dicted ratings close to the real ratings. The main contributions of this study can be
summarized as follows.

• A novel GAN-based recommendation framework called CDGAN is proposed and
a corresponding CDGAN recommendation algorithm is designed. The CDGAN
framework mainly consists of three parts: feature encoder, diffusion generator,
and self-attention discriminator.
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• CDGAN uses the feature encoder to enhance the original rating matrix by ex-
tracting latent feature vectors from both the rating information and the side
information, avoiding data high-dimensional issues, and alleviating the problem
of data sparsity, thereby achieving better performance.

• CDGAN utilizes the DM as the generator to reconstruct the user-item inter-
action matrix and integrates the objective function of the DM into the loss
function of the generator. This method effectively enhances the noise-handling
and training stability of the GAN, thereby strengthening the model’s predictive
performance.

• CDGAN integrates the self-attention mechanism into the discriminator to en-
hance its discriminative ability by capturing specific user behaviors and prefer-
ences.

• We conduct extensive experiments on three real-world datasets to validate the
effectiveness of the CDGAN model compared to four representative baseline
models. Additionally, we perform multiple ablation experiments and the ex-
perimental results demonstrate the effectiveness of these components within the
CDGAN model.

The remaining parts of this paper are organized as follows. Section 2 presents the
relevant work. In Section 3, we introduce our proposed CDGAN framework and
the corresponding recommendation algorithm in detail. Section 4 presents a series
of experiments to verify the validity of our model. Finally, Section 5 concludes the
study and discusses future work.

2 RELATED WORK

2.1 Generative Adversarial Networks Based Recommendation Systems

Generative Adversarial Networks (GAN) [15] have attracted immense attention since
their birth. As a type of deep generative model, GAN generates synthetic data
similar to real data through adversarial training between the generator and the
discriminator, GAN and its variants have been widely applied in recommendation
systems. IRGAN [4] pioneeringly introduced GAN into the field of recommenda-
tion systems. Through adversarial training of a combination of a generative re-
trieval model and a discriminative retrieval model, and by applying the reinforce-
ment learning based on policy gradient algorithm, it has successfully solved the
difficult problem that discrete data is hard to optimize by gradient descent. Con-
sequently, IRGAN can generate samples that are of high quality and close to real
data distribution, bringing a brand-new training idea to the field of recommen-
dation systems. GraphGAN [6] applies graph representation learning to capture
complex relationships between users and items, enhancing the performance of gen-
erative and discriminative models through adversarial training. Additionally, it
introduces a graph softmax function and an online generation strategy to optimize
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computational efficiency and sample quality. However, these methods still have
some issues. Since the samples generated by the generator are discrete data, a sin-
gle discrete item index is generated each time. Furthermore, as training progresses,
the generator may produce items that are identical to the real data, confusing the
discriminator and ultimately reducing recommendation performance. To solve this
problem, Chae et al. [5] proposed CFGAN and innovatively adopted the vectorized
adversarial training method to enable the generator to generate continuous-valued
purchase vectors, avoiding the problem of the discriminator’s performance degra-
dation caused by label contradictions. Through this training method, the CFGAN
model can learn the continuity and diversity of user preferences and significantly
improve the recommendation performance. Due to the innovative ideas of IRGAN
and CFGAN and their far-reaching influence in the recommendation systems, they
are considered to be the milestone models of GAN-based recommendation systems,
and the subsequent newly proposed recommendation models usually choose these
two models for comparison. Ren et al. [24] incorporated the self-attention mech-
anism into GAN and proposed MRGAN. The generator captures user preferences
through multi-head parallel processing to generate personalized recommendations,
while the discriminator utilizes a bidirectional structure to provide feedback that
enhances the model’s effectiveness and interpretability. However, these methods
are confronted with issues of mode collapse and training instability, primarily due
to the generator’s difficulty in capturing all the features of the data distribution
when the dataset is sparse or contains excessive noise, leading to a lack of di-
versity in the generated samples. Consequently, the discriminator may encounter
a local optimum and feedback failure, exacerbating the instability of GAN train-
ing.

Therefore, we propose a novel model of CDGAN to address these issues in this
paper. CDGAN enhances the original rating matrix by extracting latent nonlinear
features from user rating information and side information through a feature encoder
to alleviate the problem of data sparsity. In addition, compared to traditional GAN-
based CF models, CDGAN integrates the DM as the generator and uses the self-
attention mechanism to assist in the training of the discriminator, thereby effectively
mitigating the problem of data noise.

2.2 Side Information in Recommendation Systems

Various methods have been developed to integrate side information [25] such as user-
item information into CF models to improve recommendation performance, such as
latent factor models, representation learning models, and deep learning models,
etc. [26]. In this section, we only explore methods that use deep learning models
to obtain the nonlinear features of side information to improve the performance of
recommendation systems. Wu et al. [27] proposed a Hybrid Conditional Variational
Autoencoder (HCVAE), which leverages an AE network to extract user features and
utilizes an optimization objective combined with side information of both users and
items to construct more expressive latent representations. Wei et al. [28] introduced
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a recommendation model named GRCN based on graph convolutional neural net-
work, which improves the structure of the interaction graph adaptively by utilizing
the rich content of items and the historical behaviors of users, thereby enhancing the
performance of recommendations. Wen et al. [29] presented a GAN framework for
personalized recommendation called PRGAN, which takes user and item subsets as
conditional information, uses a memory module to store the embedding representa-
tions of users and items, and a classification module that uses a convolutional neural
network to capture local patterns to distinguish between real and generated data.
Zhou and Chen [7] proposed a Variational Collaborative Generative Adversarial Net-
work (VCGAN), which extracts low-dimensional latent vectors of user information
and side information through an AE and uses a Variational Autoencoder (VAE) [30]
to learn a reasonable representation of the data.

Different from the aforementioned works, in this paper, we use two feature en-
coders to extract nonlinear features from user rating information and side informa-
tion to alleviate data sparsity and improve the performance of recommendations.

2.3 Diffusion Models Based Recommendation Systems

Diffusion Models (DM) [22], as a type of deep generative model, perturb the in-
put data by adding random noise through a forward diffusion process, and then
iteratively learn to gradually restore the original data during the reverse denoising
process. Since user-item interaction data in recommendation systems often con-
tains noise, DM can learn and recover these damaged interactions, thereby improv-
ing the accuracy and personalization of recommendations. Recently, some studies
have attempted to apply DM for recommendation systems. Walker et al. [8] pro-
posed CODIGEM, the first CF model based on the denoising diffusion probabilistic
model (DDPM), which generates powerful collaborative signals and robust latent
representations by simulating the complex nonlinear patterns of user-item inter-
action data. Wang et al. [31] proposed a novel diffusion recommendation model
called DiffRec, which retains personalized information of user interactions by con-
trolling the noise scale and inference steps in the forward process, thereby extending
the traditional DM to reduce resource costs for large-scale item prediction. Li et
al. [32] proposed a DM-based sequential recommendation model called DiffuRec,
which represents items as distributions rather than fixed vectors, thus more flexi-
bly capturing users’ multiple interests and the multifaceted characteristics of items,
and enhancing recommendation performance through target item guidance. Wu et
al. [33] proposed Diff4Rec, which combines DM with curriculum learning strate-
gies to enhance sequential recommendation systems and generates diversified data
augmentation samples by simulating the corruption and recovery process of user-
item interactions in the latent space. Wang et al. [34] proposed Diff-MSR, which
applies DM to multi-scenario recommendations under cold-start conditions. By de-
signing novel variance scheduling and classifiers, the recommendation performance
for cold-start scenarios is enhanced. Liu et al. [35] proposed a DM-based data aug-
mentation method DiffASR, combining the generative capabilities of DM with the
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predictive capabilities of sequence U-Nets, to generate high-quality pseudo-sequence
data.

Given the many advantages of applying DM to recommendation systems, we
adopt the DM as a key component of our model and integrate it into the generator
of GAN. By simulating the complex nonlinear patterns of the user-item interaction
matrix through the forward diffusion and reverse denoising of the DM, the user-item
interaction matrix is reconstructed to address the issue of data noise.

3 PROPOSED CDGAN FRAMEWORK AND ALGORITHM

In this study, we propose a novel recommendation system framework, namely the
Collaborative Diffusion Generative Adversarial Networks (CDGAN), and design the
corresponding CDGAN recommendation algorithm. Figure 1 illustrates the CDGAN
recommendation framework, and Algorithm 1 outlines the procedure of the CDGAN
recommendation algorithm. CDGAN consists of three parts: the feature encoder,
the diffusion generator, and the self-attention discriminator. First, two feature en-
coders are used to extract features from user ratings and side information to obtain
low-dimensional latent vectors. Then, the latent vectors are concatenated with the
rating matrix to form a new rating matrix as the input for the diffusion generator,
which helps to overcome the problem of data sparsity. The diffusion generator uses
the DM to learn the generative process of user interactions through denoising, gener-
ating predicted user-item interaction vectors that better conform to user preferences,
thereby effectively overcoming the problem of data noise. The self-attention discrim-
inator uses the self-attention mechanism to deeply understand the complex features
and preference patterns in the real data, thus more effectively distinguishing between
real and generated samples, and then indirectly promoting the generator to produce
data samples that are closer to the real data through its feedback mechanism.

3.1 Feature Encoder

To mitigate the issue of data sparsity and improve recommendation performance,
we utilize Autoencoder (AE) as Feature Encoder (FE) to separately extract features
from the user-item rating matrix and user-side information. Assuming user index
u ∈ {1, . . . ,m}, item index i ∈ {1, . . . , n}, and user feature index f ∈ {1, . . . , d},
the Rating Feature Encoder (RFE) takes the user-item rating matrix UI ∈ Rm×n

as input, while the Side Information Feature Encoder (SIFE) takes the user-feature
matrix UF ∈ Rm×d as input. Initially, we binarize the user rating information:
When user u interacts with item i, the rating value is set to 1; otherwise, it is set to
0. For user-side information, we encode it in one-hot encoding mode and map the
user features into vectors. We employ RFE and SIFE to extract latent features and
reconstruct the input matrices through Equations (1) and (2):

LUI ∼ fθ(UI), UI ′ ∼ gϕ(LUI), (1)
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Figure 1. Architecture of the CDGAN framework

LUF ∼ fθ(UF ), UF ′ ∼ gϕ(LUF ), (2)

where fθ(·) and gϕ(·) correspond to the encoding and decoding networks parame-
terized by θ and ϕ, respectively. LUI and LUF correspond to the nonlinear low-
dimensional latent vectors of the user-item rating matrix UI and the user-feature
matrix UF , respectively. UI ′ and UF ′ represent the reconstructed user-item rating
matrix and the user-feature matrix, respectively. We use the mean squared error
(MSE) as the loss for the feature encoder to minimize the reconstruction error, as
shown in Equations (3) and (4):

L(UI, UI ′) =
1

m× n

m∑
i=1

n∑
j=1

(UIij − UI ′ij)
2, (3)

L(UF,UF ′) =
1

m× d

m∑
i=1

d∑
j=1

(UFij − UF ′
ij)

2. (4)

The notation UIij represents the rating value of user i for item j and UFij

represents the one-hot encoding value of the jth feature of user i. UI ′ij refers to



CDGAN: Collaborative Diffusion Generative Adversarial Networks for RS 63

the transformed rating value of user i for item j as reconstructed by the decoder
network, and UF ′

ij is the transformed one-hot encoding value of the jth feature of
user i as reconstructed by the decoder network. After the training of the RFE and
SIFE is completed, and the extracted latent vectors LUI ∈ Rm×p and LUF ∈ Rm×q

are obtained. Here, p ≪ n and q ≪ d. Finally, we concatenate LUI and LUF with
the user rating matrix UI to get the enhanced rating matrix X ∈ Rm×r as the input
for the diffusion generator, where r = (n+ p+ q).

3.2 Diffusion Generator

Currently, DM is widely used in the field of image generation due to its powerful
generative capability and denoising characteristics [36, 37, 38]. To overcome data
noise and issues such as instability and mode collapse that traditional GAN may
encounter during the training process, we introduce DM as the generator of GAN
within CDGAN to generate high-quality recommendation data. DM can provide
a stable initialization state, making it easier for GAN to converge during the training
process. In addition, the denoising characteristics of DM also help to eliminate noise
and redundant information in the data generated by GAN, thereby improving data
quality. Figure 2 illustrates the structure of the diffusion generator.

The diffusion generator consists of two processes: the forward diffusion process
and the reverse denoising process. The forward diffusion process gradually intro-
duces noise into the original data samples, causing the perturbation to approach
Gaussian noise. Conversely, the reverse denoising process restores the original sam-
ples by predicting and subtracting the added noise step by step. Next, we will
provide a detailed introduction to these two processes.

3.2.1 Forward Diffusion Process

Given an input data sample X = x0 ∼ q(x0), the forward diffusion process q(x1:T |x0)
constructs a Markov chain of latent variables by gradually adding Gaussian noise
over T time steps. Specifically, this process generates a noisy sequence x1, . . . , xT

which can be represented by Equations (5) and (6):

q(x1:T |x0) =
T∏
t=1

q(xt|xt−1), (5)

q(xt|xt−1) = N (xt;
√
1− βtxt−1, βtI), (6)

where βt ∈ (0, 1) is utilized to control the scale of Gaussian noise added at each
step t. I is the identity matrix. By using the reparameterization trick [22] and the
additivity of two independent Gaussian noises [39], we can directly obtain xt from
x0, which is formalized in Equation (7):

q(xt|x0) = N (xt;
√
ᾱtx0, (1− ᾱt)I), (7)
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Figure 2. The structure of the diffusion generator

where ᾱt =
∏t

i=1 αi, αt = 1 − βt, and then we can reparameterize xt =
√
ᾱtx0 +√

1− ᾱtϵ with ϵ ∼ N (0, I).

3.2.2 Reverse Denoising Process

The purpose of the reverse denoising process pθ(x0:T ) is to denoise the noise-added
xt and recover the original interaction vector x0. Specifically, given the current
denoised representation xt, the next representation xt−1 is obtained after one step
of reversal. The reverse denoising process commences with p(xT ) = N (xT ;0, I) and
progressively executes Gaussian transitions. It is parameterized into Equations (8)
and (9) by utilizing a Markov chain:

pθ(x0:T ) = p(xT )
T∏
t=1

pθ (xt−1|xt) , (8)

pθ(xt−1|xt) = N (xt−1;µθ(xt, t),Σθ(xt, t)) , (9)

where the mean µθ(xt, t) and variance Σθ(xt, t) are Gaussian parameters output by
a deep neural network (DNN) with parameters θ.
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3.2.3 The Learning Process of Diffusion Generator

Since we designed the DM as the generator for GAN, to ensure that the generated
data follows a custom distribution and to avoid outliers, we design the objective
function of the diffusion generator as two parts, namely the loss of DM based on
KL divergence LDM and the log-likelihood loss of the original generator LG, which
is formalized as Equation (10):

JG = α · LDM + β · LG, (10)

where the LDM is given by Equation (12), and LG is given by Equation (14); α and
β are hyperparameters that balance LDM and LG.

The Loss of DM Based on KL Divergence. Given the original distribution
x0 ∼ X, the purpose of training is to generate a data distribution that is
very close to the actual data distribution through the reverse denoising process
pθ(x0:T ). Parameters θ can be learned by optimizing the variational lower bound
of negative log-likelihood, which can be further expressed as the combination of
KL divergence and entropy terms [22], and formalized as Equation (11).

E [− log pθ(x0)] ≤ E(x0:T )∼q

[
− log

pθ(x0:T )

q(x1:T |x0)

]
, (11)

where E(x0:T )∼q

[
− log pθ(x0:T )

q(x1:T |x0)

]
in Equation (11) represents the loss function of

DM, termed as LDM , which can be rewritten as Equation (12).

LDM = Eq

[
DKL (q(xT |x0)∥pθ(xT ))

+
T∑
t=2

DKL (q(xt−1|xt, x0)∥pθ(xt−1|xt))

− log pθ(x0|x1)

]
, (12)

whereDKL represents the KL divergence between the true denoising distribution
q(·) and the parameterized denoising distribution pθ(·).

The Log-Likelihood Loss of the Original Generator. The training process
of GAN is a minimax game between the generator G and the discriminator D.
The generator produces a predicted user-item interaction matrix to deceive the
discriminator, which learns to judge whether the generator’s output conforms
to the true posterior distribution based on the real user-item interaction matrix.
The generator optimizes its parameters based on the feedback results from the
discriminator. The overall objective function of GAN can be represented by
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Equation (13):

min
G

max
D

V (D,G) = EZ∼Pdata
[logD(Z)] + EX̄∼Pθ

[log (1−D(G(X)))] . (13)

Here, Z is the real data from the data distribution Pdata, while X̄ is the generated
data from the model distribution of G(X), and X is the input data for the
generator. When the parameters of the discriminator are fixed, the training
objective of the generator is to minimize the probability that its generated data is
classified as fake data by the discriminator, and its loss function can be expressed
as Equation (14):

LG = EX̄∼Pθ
[log (1−D(G(X)))] =

1

m

m∑
i=1

(log (1−D(G(xi)))) , (14)

where xi represents the user-item interaction vector for user i generated from
the distribution by the generator G.

3.3 Self-Attention Discriminator

The task of the discriminator is primarily to distinguish whether the input samples
come from the real data samples or fake samples generated by the generator, and to
provide key feedback signals to the generator. Therefore, in existing GAN-based CF
frameworks, the discriminator is often regarded as a binary classifier. Although the
neural network structure designed in this way can effectively perform basic discrim-
ination tasks, the potential of the discriminator is far from being fully exploited in
the whole GAN framework. In fact, the discriminator plays a dual role during the
training process: on the one hand, it needs to learn how to distinguish between the
real samples and generated samples. On the other hand, its gradient information is
also used to update the parameters of the generator, thereby helping the generator
to produce more realistic data.

Therefore, we expand the discriminator into a neural network capable of extract-
ing explicit user preferences through a self-attention mechanism. This design allows
the discriminator to not only complete the discrimination task but also to share the
pressure of the generator. By obtaining feature information of user preferences, it
guides the learning process of the generator, thereby simplifying the task of the gen-
erator. The self-attention mechanism maps queries and a set of key-value pairs to
outputs through an attention function, where the queries, keys, values, and outputs
are all vectors. The output is calculated as a weighted sum of these values, where
the weights assigned to each value are computed by the compatibility function of the
query and the corresponding key [40]. In this paper, we employ scaled dot-product
attention to extend the discriminator, which can be defined as Equation (15).

Attention(Q,K, V ) = softmax

(
Q ·KT

√
dk

)
V, (15)
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where Q, K, and V stand for Query, Key, and Value, respectively. In this study,
Q, K, and V all originate from linear transformations of the discriminator’s input.
By calculating the dot product of Q and K, the similarity between the two vectors
Q and K can be obtained, and the weight of V can be determined. When the
dimension of the key matrix K is large, the scaling factor

√
dk is used to control and

prevent this problem, that is, the inner product is too large to make the gradient
smaller, which leads to difficulty in training.

For the training of the discriminator, the loss function is designed to minimize
the classification error, this is, to maximize the probability of correctly classifying
the real samples and fake samples. According to Equation (13), when the parameters
of the generator are fixed, its loss function is defined as Equation (16):

LD = −EZ∼Pdata
[logD(Z)]− EX̄∼Pθ

[log (1−D(G(X)))] ,

= − 1

m

m∑
i=1

[log(D(zi)) + log (1−D(G(xi)))] , (16)

where zi represents the user-item interaction vector of user i from the real data
distribution. The first term in LD represents the loss of the real samples, and the
second term represents the loss of the generated samples.

3.4 CDGAN Recommendation Algorithm

Based on the above-mentioned CDGAN recommendation framework, this section
designs a specific CDGAN recommendation algorithm. We design the CDGAN
recommendation algorithm into two stages:

Stage 1: Extracting latent feature vectors by using FE.

In this stage, UI and UF are encoded, and these matrices are reconstructed
from the latent space to obtain latent feature vectors LUI and LUF . Then, LUI

and LUF are concatenated with UI to form the enhanced rating matrix X.

Stage 2: Adversarial training generates predictive items.

In this stage, the enhanced rating matrix X is input into the GAN framework,
and their respective parameters are continuously optimized through iteratively
adversarial training of the diffusion generator and the self-attention discrimina-
tor. Ultimately, the diffusion generator can learn the complex distribution of
user-item interactions and generate high-quality recommendation items.

Through the collaborative work of these two stages, the CDGAN algorithm
can provide more accurate predictions of user preferences, thereby improving user
experience and satisfaction. In addition, subsequent experiments further verify that
it has significant advantages over other models in key metrics such as Precision and
Recall, and it can generate more accurate and comprehensive recommended items.

The detailed workflow of the CDGAN recommendation algorithm is shown in
Algorithm 1.
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Algorithm 1 CDGAN Recommendation Algorithm

1: Input: user-item rating matrix UI, user-feature matrix UF , feature encoder
FE, generator G and discriminator D, learning rate µFE, µG and µD

2: Output: G’s parameter θ, D’s parameter ϕ
3: Initialize: FE’s parameter η, G’s parameter θ, D’s parameter ϕ, FE-step, G-

step, D-step
4: // Extracting latent feature vectors by using FE
5: for FE-step do
6: Sample a minibatch from UI and UF
7: Encode the minibatch data into the latent space and decode it back, re-

constructing UI and UF to obtain UI ′ and UF ′ by Equations (1) and
(2)

8: Calculate reconstruction loss L by Equations (3) and (4)
9: Update FE by η ← η − µFE · ∇ηL

10: end for
11: Get latent vectors LUI and LUF by FE
12: Concat LUI , LUF and UI to obtain the enhanced rating matrix X.
13: // Adversarial training generates predictive Items
14: while not converged do
15: // Training of the Diffusion Generator
16: for G-step do
17: Sample a minibatch from X
18: Generate fake rating vectors through forward diffusion and reverse de-

noising processes
19: Calculate the loss JG of the Diffusion Generator by Equation (10)
20: Update G by θ ← θ − µG · ∇θJG
21: end for
22: // Training of the Self-Attention Discriminator
23: for D-step do
24: Sample a minibatch from X
25: Generate fake rating vectors through forward diffusion and reverse de-

noising processes
26: Calculate the loss LD of the Self-Attention Discriminator by Equation

(16)
27: Update D by ϕ← ϕ− µD · ∇ϕLD

28: end for
29: end while
30: return θ
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4 EXPERIMENTS AND RESULTS ANALYSIS

4.1 Datasets

The experiments were conducted on three public datasets: MovieLens 100K, Movie-
Lens 1M1, and Steam2. Table 1 summarizes the characteristics of these datasets.
The MovieLens 100K and MovieLens 1M are movie rating datasets collected from
the MovieLens website, while the Steam dataset is a collection of users’ purchase
records and game duration from the Steam gaming platform. The sparsity of the
Steam dataset reaches as high as 99.89%, even sparser than many large datasets,
which can be used to demonstrate the ability of CDGAN to handle extremely sparse
data. For each dataset, we randomly divide the user-item interaction data into two
subsets: 80% for training and the remaining 20% for testing.

DATASET Users Items Ratings Sparsity

MovieLens 100K 943 1 682 100 000 93.69%
MovieLens 1M 6 040 3 952 1 000 209 95.81%
Steam 12 393 5 155 70 490 99.89%

Table 1. Dataset statistics

4.2 Evaluation Metrics

We employ two common metrics used in the top-N recommendations, which are
Precision@N and Recall@N , which respectively reflect the accuracy rate and recall
rate of the recommendation systems, and their respective calculation methods are
shown in Equations (17) and (18).

Precision@N =
|relevant items ∩ recommended items|

N
, (17)

Recall@N =
|relevant items ∩ recommended items|

|relevant items|
, (18)

where relevant items is the list of related items for each user in the test data,
recommended items represents the list of top-N related items for each user in the
generated data of the model, and N is the total number of recommended items,
which is set to 5, 10, and 20, respectively, in these experiments.

4.3 Implementation Details

The experiments utilize an NVIDIA GeForce RTX 3080 Ti GPU with CUDA-
accelerated PyTorch and an Intel Xeon Silver 4210R CPU for training.

1 https://grouplens.org/datasets/movielens
2 https://www.kaggle.com/datasets/tamber/steam-video-games

https://grouplens.org/datasets/movielens
https://www.kaggle.com/datasets/tamber/steam-video-games


70 J. Li, J. Liu, Z. Huang

In the RFE and SIFE, the encoder network and decoder network are symmet-
rical, comprising two hidden layers with {1024, 128, 64} neurons. In the diffusion
generator, the structures of the forward and reverse processes are also symmetrical,
containing five hidden layers with {200, 500, 1 000} neurons. The PRelu activation
function is used between layers, and the Tanh activation function is used in the
last layer of the reverse process. The hyperparameter βt is set to 0.0001, and the
diffusion step T is set to 3. The learning rates µFE, µG, and µD of the feature
encoder, generator, and discriminator are all set to 0.0001 initially. To facilitate
better convergence during the training process, we employ a learning rate sched-
uler to dynamically adjust the learning rates of the generator and discriminator.
Specifically, when the epoch reaches 30, 200, and 400, the learning rates of the gen-
erator and discriminator are reduced to 10% of their original values, respectively.
Additionally, we set the parameters α and β in Equation (10) to 1, respectively. In
the self-attention discriminator, the number of hidden nodes in each hidden layer is
{1 024, 128, 16, 1}. During the training process, our model is trained by using the
Adam method [41] with a batch size of 64. Each dataset is trained for 500 epochs,
the diffusion generator is updated 5 times and the self-attention discriminator is
updated 2 times in each epoch.

4.4 Baseline Models and Comparative Results

We compare the CDGAN model with the following representative collaborative fil-
tering baseline models to verify its performance.

• IRGAN [4] integrates generative and discriminative models through adversarial
training, where the generative model is responsible for producing items related
to users’ queries, while the discriminative model is responsible for distinguishing
whether these items are genuinely relevant or generated by the generative model.

• CFGAN [5] utilizes users’ historical behavioral data as conditions and trains
the model through vectorized generative adversarial methods to enhance the
accuracy and diversity of recommendations. In CFGAN, the generator is re-
sponsible for generating recommended items, while the discriminator evaluates
the relevance of the recommendations.

• VCGAN [7] uses AE to extract implicit feedback from user ratings and side
information, and employs VAE as the generator to learn a reasonable repre-
sentation of the data to predict user ratings for items, while the discriminator
distinguishes between predicted ratings and actual ratings.

• CODIGEM [8] is the first collaborative filtering recommendation model based
on the denoising diffusion probabilistic model (DDPM). It effectively simulates
user-item interaction data through forward and reverse diffusion processes, cap-
tures complex nonlinear patterns, and generates strong collaborative signals and
robust latent representations, thereby improving the generalization ability and
recommendation performance of the model.
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Figure 3. The learning curves on MovieLens 100K dataset
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Figure 4. The learning curves on MovieLens 1M dataset

Based on the CDGAN model proposed in this paper and all the above-mentioned
baseline models, experimental results are obtained on the three datasets of Movie-
Lens 100K, MovieLens 1M, and Steam. To make the models more comparable, for
each baseline model, we test various values of its hyperparameters and select the
optimal parameters that provide them with the highest precision. Figures 3, 4, and
5 show the learning curves of CDGAN and these baseline models on three real-world
datasets. It can be seen that CDGAN exhibits higher stability during the training
process and achieves significant performance improvement. This is mainly due to
the autoregressive training approach and the gradual denoising process adopted by
DM, which avoids the problems of mode collapse and mode noise, thereby improving
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Figure 5. The learning curves on Steam dataset

the training stability and performance of the model. Table 2 presents the perfor-
mance comparison results of CDGAN and other baseline models on three different
datasets. The experimental results show that CDGAN achieves the best perfor-
mance across all metrics on all datasets. Specifically, compared to the best baseline
model, CDGAN achieves a 3.73% improvement in Precision@5 and a 4.53% im-
provement in Recall@5 on the MovieLens 100K dataset. On the MovieLens 1M
dataset, CDGAN improves Precision@5 by 5.55% and Recall@5 by 9.96%. Fur-
thermore, on the Steam dataset, CDGAN enhances Precision@5 by 10.28% and
Recall@5 by 4.49%. Among all GAN-based baseline models, VCGAN and CDGAN
exhibit the most similar performance. Unlike VCGAN, CDGAN employs DM as
the generator and incorporates a self-attention mechanism in the discriminator. As
can be seen from the table, CDGAN exhibits significant performance improvements
compared with VCGAN. This is primarily because DM uses a gradual diffusion ap-
proach to generate samples, which helps the model capture the complex nonlinear
characteristics of user behavior, thereby generating high-quality and diverse samples.
The self-attention mechanism enhances the discriminator’s ability to distinguish be-
tween real data and generated data by capturing the explicit preference features
of users. Additionally, our model also outperforms another DM-based recommen-
dation model, CODIGEM. This is primarily because CDGAN utilizes the feature
encoder to extract and concatenate both rating and feature information, effectively
mitigating the impact of data sparsity on model performance.

Furthermore, Table 2 also reveals a downward trend in Precision as the number
of recommended items N increases across the three datasets. This is because when
the denominator N increases, the growth speed of the numerator (the number of
correctly recommended items) usually fails to keep up with the increase of N . Con-
versely, Recall exhibits an opposite trend, because as N increases, the numerator
has a greater trend of increasing, while the denominator (the number of relevant
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items) remains the same. Notably, Precision on the MovieLens dataset is generally
higher than Recall, while Precision on the Steam dataset is lower than Recall. This
is because the Steam dataset is too sparse, that is, the number of relevant items per
user is small. Consequently, for the same numerator, N may be greater than the
number of relevant items, so the Precision is higher than the Recall.

Models
Preci-
sion@5

Preci-
sion@10

Preci-
sion@20

Re-
call@5

Re-
call@10

Re-
call@20

MovieLens 100K

IRGAN 0.3237 0.3017 0.2515 0.0554 0.0967 0.1459
CFGAN 0.4902 0.4246 0.3720 0.0961 0.1592 0.2562
VCGAN 0.5573 0.4845 0.4101 0.1125 0.1795 0.2799
CODIGEM 0.5704 0.4967 0.4236 0.1104 0.1810 0.2872
CDGAN 0.5917 0.5131 0.4319 0.1176 0.1941 0.3010
Improvement 3.73% 3.30% 1.96% 4.53% 7.24% 4.81%

MovieLens 1M

IRGAN 0.2092 0.1812 0.1537 0.0407 0.0685 0.1149
CFGAN 0.2768 0.2381 0.2002 0.0594 0.0984 0.1564
VCGAN 0.4090 0.3546 0.2936 0.0954 0.1569 0.2438
CODIGEM 0.4126 0.3567 0.2954 0.0948 0.1556 0.2424
CDGAN 0.4355 0.3726 0.3084 0.1049 0.1681 0.2635
Improvement 5.55% 4.46% 4.40% 9.96% 7.14% 8.08%

Steam

IRGAN 0.0734 0.0565 0.0373 0.2392 0.3391 0.4165
CFGAN 0.0986 0.0602 0.0370 0.3223 0.3608 0.4038
VCGAN 0.1060 0.0683 0.0421 0.3338 0.3949 0.4482
CODIGEM 0.1128 0.0691 0.0431 0.3454 0.3868 0.4485
CDGAN 0.1244 0.0795 0.0504 0.3609 0.4217 0.4906
Improvement 10.28% 15.05% 16.94% 4.49% 6.79% 9.39%

Table 2. Comparison results of different models on three real datasets. CDGAN is our
proposed model, and other models are the comparative baseline models. The best results
are shown in bold, the best baseline results are underlined, and the last row is the im-
provement of CDGAN relative to the best baseline model results.

4.5 Ablation Study

In this section, we will conduct ablation experiments on the feature encoder, the
diffusion generator, and the self-attention discriminator to verify the effectiveness of
each component of our proposed CDGAN model.

4.5.1 The Effectiveness of Feature Encoder

In Section 3.1, we have provided a detailed introduction to the feature encoder. We
use RFE and SIFE to extract features from the user-item rating matrix and user-
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side information, respectively, and concatenate the extracted latent vectors with the
original rating matrix for data augmentation. Table 3 demonstrates the effectiveness
of the feature encoder, where CDGAN (without FE) indicates that the feature en-
coder is not used for feature extraction in the model, and the original rating matrix
is directly used as the model’s input. The experimental results from Table 3 indicate
that the feature encoder component by fully utilizing the side information can en-
hance the model’s performance. We believe that the reason for these results is that
the feature encoder has the ability to effectively map high-dimensional matrix into
low-dimensional vector, while the generated low-dimensional latent vector skillfully
preserves the nonlinear feature of the original matrix. By concatenating LUI and
LUF with the original rating matrix, the sparsity of the data can be significantly
reduced, thereby improving the effectiveness of the recommendation systems.

Datasets Metrics CDGAN (without FE) CDGAN

MovieLens 100K
Precision@5 0.5756 0.5917
Recall@5 0.1145 0.1176

MovieLens 1M
Precision@5 0.4305 0.4355
Recall@5 0.1035 0.1049

Steam
Precision@5 0.1222 0.1244
Recall@5 0.3582 0.3609

Table 3. Performance comparisons of CDGAN model with and without FE on three
datasets. Bold indicates the best results for the listed models.

4.5.2 The Effectiveness of Diffusion Generator

In Section 3.2, we have provided a detailed introduction to the diffusion generator.
We employ the DM as the generator in CDGAN to produce a predictive rating ma-
trix that aligns more closely with user preferences. In the forward diffusion process,
Gaussian noise is gradually added to the augmented rating matrix, and in the reverse
denoising process, the noise is gradually removed to restore the original rating ma-
trix. To validate the effectiveness of the DM in CDGAN, we used other generative
models with denoising effects as the generator in CDGAN, such as Denoising Au-
toencoder (DAE) and Variational Autoencoder (VAE). Specifically, CDGAN DAE
represents the use of a DAE as the generator in CDGAN, and CDGAN VAE rep-
resents the use of a VAE as the generator. Table 4 demonstrates the effectiveness
of the diffusion generator, and its results fully reflect the denoising capabilities of
the diffusion generator. We believe that the primary reason for this result is that
the diffusion generator can successfully capture complex nonlinear patterns in the
rating matrix through the forward diffusion and reverse denoising processes. It not
only helps to generate strong collaborative signals and reveal the deep connections
between users and items but also forms robust latent representations to accurately
reflect the characteristics of users and items. Meanwhile, by removing the noise
from the input rating matrix, the diffusion generator significantly improves the sta-
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bility of the model, thus ensuring the quality and reliability of the recommendation
results.

Datasets Metrics CDGAN DAE CDGAN VAE CDGAN

MovieLens 100K
Precision@5 0.5098 0.5725 0.5917
Recall@5 0.1035 0.1141 0.1176

MovieLens 1M
Precision@5 0.2535 0.4116 0.4355
Recall@5 0.0499 0.0964 0.1049

Steam
Precision@5 0.0758 0.1074 0.1244
Recall@5 0.2744 0.3356 0.3609

Table 4. Performance comparisons of CDGAN model with DAE, VAE and DM on three
datasets. Bold indicates the best results for the listed models.

4.5.3 The Effectiveness of Self-Attention Discriminator

In Section 3.3, we have provided a detailed introduction to the self-attention dis-
criminator. Different from the discriminator of traditional GAN, we have introduced
a self-attention mechanism to expand the discriminator into a neural network that
can extract explicit user preferences, thus improving the discriminating ability of the
discriminator, and then promoting the learning of the generator through the feed-
back mechanism to improve the generating ability. Table 5 shows the effectiveness of
the self-attention discriminator, where CDGAN (without self-attention) refers to the
version of its discriminator that does not employ the self-attention mechanism. The
experimental results from Table 5 indicate that incorporating a self-attention mech-
anism into the discriminator of CDGAN enhances the model’s performance. We
attribute the observed results primarily to the self-attention mechanism’s capacity
to deeply learn and parse local features within the input data. This characteristic
enables the discriminator to more effectively capture and extract features of explicit
user preferences, thereby enhancing its ability to distinguish between real data and
generated data, and improving the effectiveness of the model’s recommendation.

Datasets Metrics CDGAN (Without Self-Attention) CDGAN

MovieLens 100K
Precision@5 0.5882 0.5917
Recall@5 0.1173 0.1176

MovieLens 1M
Precision@5 0.4325 0.4355
Recall@5 0.1043 0.1049

Steam
Precision@5 0.1242 0.1244
Recall@5 0.3590 0.3609

Table 5. Performance comparisons of CDGAN model with and without self-attention
mechanism on three datasets. Bold indicates the best results for the listed models.
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5 CONCLUSIONS AND FUTURE WORK

This paper proposes a novel recommendation framework named CDGAN and de-
signs the corresponding CDGAN recommendation algorithm. The framework en-
hances the original rating matrix by extracting the latent feature vectors of ratings
and side information through feature encoders to alleviate the data sparsity prob-
lem. The noise in data is removed through forward diffusion and reverse denoising
processes of the diffusion generator to alleviate the data noise problem. By using
the self-attention discriminator to obtain user preferences, the discriminative ability
of the discriminator can be improved to help the generator generate more realistic
recommendation data. Extensive experiments on three real datasets have verified
the effectiveness of the CDGAN proposed in this paper. Compared with the classic
GAN-based CF models and DM-based CODIGEM model, our proposed CDGAN
model achieves superior performance.

Although CDGAN can effectively alleviate the problems of data sparsity and
noise, there are still some limitations. Since we integrated DM as a generator, the
sampling speed of the generator became slow. This is mainly because the reverse
process of DM relies on a Gaussian distribution approximation for denoising, while
the Gaussian assumption is only applicable when the denoising steps are very small.
In actual recommendation scenarios, the interactive data of users often has complex
distribution characteristics, and it is difficult to accurately recover the data sim-
ply by relying on Gaussian distribution denoising. In order to achieve high-quality
data recovery, a large number of reverse steps need to be executed. This leads to
a long sampling time, which affects the efficiency and practicability of the model in
practical applications. Moreover, since the data in recommendation systems often
has high dimensionality and complexity, such as user behavior data, item feature
data, etc., DM needs to operate and calculate directly in these high-dimensional
data spaces, and each iteration needs to process a large amount of data, which also
increases the calculation amount and time cost. In future work, we will explore
denoising distribution assumptions that are more in line with the actual data dis-
tribution or perform dimensionality reduction on the high-dimensional data of the
recommendation systems, so as to reduce the dependence on the Gaussian distri-
bution, further reduce the number of denoising steps in the reverse process, and
improve the sampling speed.
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