
396 IEEE TRANSACTIONS ON SERVICES COMPUTING, VOL. 19, NO. 1, JANUARY/FEBRUARY 2026

Graph-Based Diffusion Model for Service
Recommendation
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and Jia Zhang , Senior Member, IEEE

Abstract—With the widespread adoption of cloud-based ser-
vices and Service-Oriented Computing, efficient service recom-
mendation has become pivotal for optimizing service discovery
and composition in large-scale ecosystems. While recent diffusion-
based recommendation methods have achieved impressive results
in service-oriented scenarios, existing approaches predominantly
treat user-service interactions as isolated events, overlooking the
potential of higher-order collaborative signals between users and
services. Such signals, which encapsulate richer and more nuanced
relationships, can be naturally captured using graph-based data
structures. To address this limitation, we extend diffusion-based
service recommendation methods to the graph domain by directly
modeling user-service bipartite graphs with diffusion models. This
enables better modeling of the higher-order connectivity inherent
in complex interaction dynamics. However, this extension intro-
duces two primary challenges: (1) Noise Heterogeneity, where
interactions are influenced by various forms of continuous and
discrete noise, and (2) Relation Explosion, referring to the high
computational costs of processing large-scale graphs. To tackle
these challenges, we propose a Graph-based Diffusion Model for
Service Recommendation (GDMSR). To address noise heterogene-
ity, we introduce a multi-level noise corruption mechanism that
integrates both continuous and discrete noise, effectively simulating
real-world interaction complexities. To mitigate relation explosion,
we design a user-active guided diffusion process that selectively
focuses on the high-value edges and active users, reducing inference
costs while preserving critical service-level dependencies. Extensive
experiments on six real-world service datasets demonstrate that
GDMSR consistently outperforms state-of-the-art methods, high-
lighting its effectiveness in capturing higher-order collaborative
signals and improving service recommendation performance.

Index Terms—Generative service recommendation, diffusion
model, graph neural networks.
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I. INTRODUCTION

W ITH the rapid development and proliferationof the in-
ternet, more and more service platforms have put their

services online [1], such as e-commerce platforms (e.g., Ama-
zon, Taobao) [4] and social networks (e.g., Facebook). Conse-
quently, the variety of online services has expanded significantly,
encompassing both traditional software services, such as web
services or APIs, and any web component accessible via HTTP
calls [2]. These services, which embody a broad concept of
knowledge services, provide users with a wide range of op-
tions. Service recommendation has enhanced user experiences
by suggesting services and content that align with individual
preferences, effectively mitigating information overload across
various online domains. In contrast to traditional discriminative
model-based recommender systems [5], [6], [7], generative rec-
ommender models based on Generative Adversarial Networks
(GANs) [8] or Variational Auto-Encoders (VAEs) [9] hypothesis
that user-service interactions are correlated with various latent
factors, such as user preferences and service popularity. Due to
their superior capacity to model the joint distribution of these
complex latent factors, generative recommender systems have
demonstrated significant advancements [10], [11], [12].

Recently, the notable successes of diffusion models
(DMs) [13] in high-quality image generation tasks have inspired
researchers to explore their application in service recommender
systems [14], [15], [17]. Compared to traditional generative
methods, DMs provide a highly stable training process [20] and
can be interpreted through score matching [32], [33], [34] and
Langevin dynamics [35], [36]. Additionally, they can be under-
stood from the perspective of diffusion probabilistic models [13],
[37], which define a forward diffusion process to add noise to
data and a reverse process to recover it.

However, most existing diffusion-based recommendation
methods treat a period of interaction sequence [22], [23], [24],
[89] or historical interaction sequence [77] as a single training
sample. These methods overlook the higher-order collaborative
signals between users and services in complex service systems.
For example, if two users have interacted with many of the same
services, it suggests they share similar preferences. Additionally,
longer interaction chains, such as s1 ← u2 ← s3 ← u4 implies
that u4 is likely to show interest in s1, as a similar user u2

has already interacted with s1 [25]. Therefore, we argue that it
is crucial to explicitly consider these higher-order connections
in diffusion-based models focused on interaction generation.
Graphs, as a data structure, are inherently suited to modeling
relationships between entities in service scenarios. Numerous
studies have incorporated graphs into recommender systems,
employing techniques such as random walks [26], [27], [28],
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Fig. 1. Service systems involve various forms of heterogeneous noise (contin-
uous noise and discrete noise). As the number of users and services increases,
the complexity of their interactions can grow explosively.

[29] or multi-layer graph convolutions [30], [31], [75] to effec-
tively capture higher-order collaborative signals among services.
Consequently, we believe that introducing graph-based topolog-
ical constraints in diffusion-based recommendation methods can
better model the higher-order connectivity in complex interac-
tion generation. To achieve this goal, we need to address two
notable challenges, as illustrated in Fig. 1.
� Noise Heterogeneity: In recommendation contexts, user-

service interactions are inherently complex, shaped by both
discrete and continuous factors. Discrete feedback, such
as clicks or purchases, reflects binary decisions driven
by historical interactions, while continuous variables, like
interaction duration, capture nuanced preferences. These
combined factors form a joint distribution that requires
heterogeneous noise modeling. Consequently, most exist-
ing diffusion models [15], [77] relying on a single noise
type may be inadequate for the complex dynamics of
recommendation scenarios.

� Relation Explosion: Traditional graph-based diffusion
models require the computation of a latent vector or proba-
bility for each node pair in the graph, resulting in a compu-
tational complexity of O(N2). In recommender systems,
where the number of users and services is typically very
large, this O(N2) complexity poses a significant chal-
lenge to the application of traditional graph-based diffusion
models.

To this end, we propose a Graph-based Diffusion Model for
Service Recommendation (GDMSR) to address the aforemen-
tioned challenges synergistically.

To address the issue of Noise Heterogeneity, we propose a
multi-level corruption to capture various forms of noise present
in complex recommender systems during the forward process.
For user feature-level perturbations, we introduce continuous
noise to corrupt their feature vectors, simulating varying intensi-
ties of perturbations in real-world scenarios. For structure-level
perturbations, we introduce discrete noise to corrupt interac-
tions between users and services. To ensure consistency in
denoising, we first employ an alignment module within the

denoising network to integrate the corrupted features and topo-
logical structure into a unified corrupted graph. Subsequently,
through multiple layers of graph convolution, we iteratively
aggregate the higher-order collaborative signals, thereby en-
hancing graph denoising capabilities. This approach effectively
models heterogeneous noise in complex recommender systems
by merging both levels into a unified space, thus facilitating joint
denoising.

To address the issue of Relation Explosion, we propose a
user-active guided generation strategy to enhance the reverse
process of the diffusion model. On one hand, we preserve the
original graph’s structural information, specifically the user node
degree distribution, allowing us to edit edges during the forward
process without compromising the integrity of the original inter-
action structure. On the other hand, during the reverse process,
we identify active users based on their degree distribution and
retain only the corresponding edges, discarding those associated
with inactive users. This ensures that computational resources
are prioritized for the most important edges and users, making
the model well-suited for large-scale service recommendation
scenarios. The contributions of this paper are summarized as
follows:
� We propose a novel Graph-based Diffusion Model for Ser-

vice Recommendation (GDMSR) that applies multi-level
corruption to capture heterogeneous noise in real-world
service scenarios while accounting for the higher-order
connectivity in complex interaction generation.

� We incorporate a user-active guided generation strategy to
more effectively alleviate the heavy computational burden
associated with iterative refinement in the reverse process
of the diffusion model.

� Extensive experiments demonstrate that our method out-
performs state-of-the-art baselines across six datasets. The
comprehensive analysis and experimental results confirm
the computational efficiency of our approach.

The remainder of this article is organized as follows.
Section II discusses related work. Section III formally defines the
problem. Section IV details the proposed GDMSR framework.
Section V presents extensive experiments with analyses.Finally,
Section VI draws conclusions.

II. RELATED WORK

A. Generative Service Recommendation

Discriminative service recommendation models predict the
probability of interactions between users and services [38],
[39]. While existing discriminative models are relatively easy
to train, generative service recommendation models better cap-
ture the underlying data distribution and complex, non-linear
relationships [40], [41]. Most generative models can be broadly
categorized into two main types: VAE-based approaches [43],
[44], proposed by [9], which have demonstrated effectiveness
in capturing the latent structure of user interactions by learn-
ing an encoder for posterior estimation [42] and a decoder
for predicting interaction probabilities across all services [45].
GAN-based models, exemplified by the work of [46], further
improve service recommendation quality by addressing data
sparsity and cold-start issues through adversarial training that
refines the service recommendation distribution [47], [48], [49].
Additionally, generative retrieval models have been explored in
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sequential service recommendation tasks, demonstrating their
potential to handle sequential dependencies and improve service
recommendation accuracy [93], [94], [95].

Recently, diffusion model-based service recommender sys-
tems have emerged as a superior approach for their stability and
high-quality generation. By iteratively reducing noise, they offer
improved robustness and flexibility over traditional generative
models, resulting in more accurate and diverse service recom-
mendations [15], [23], [51].

B. Diffusion Models

A central challenge in generative modeling is balancing flex-
ibility and computational feasibility [88]. The core concept of
diffusion models addresses this by systematically perturbing the
data distribution through a forward diffusion process, followed
by learning the reverse process to restore the data distribu-
tion [13]. This approach results in a generative model that is
both highly flexible and computationally efficient [52], [53].
Existing diffusion models can be categorized into two types:
conditional generation [54], [55], [56], [87] and unconditional
generation [57], [58].

Although diffusion models are closely related to other re-
search areas, such as computer vision [50], NLP [59], and signal
processing [60], their progress in the field of personalized service
recommendation has been relatively slow. InDiRec [85] replaces
heuristic data augmentation with intent-aware diffusion, en-
abling more accurate and robust modeling of user intent for se-
quential recommendation tasks. DiffRec [77] employs a forward
noise addition and reverse denoising process on user interaction
histories to generate service recommendations. It treats the user
interaction sequence as a single sample, neglecting the higher-
order collaborative signals between users and services. DiffRec
adds Gaussian noise to the user-service sequence step by step and
utilizes Multilayer Perceptrons (MLPs) for denoising, but the
simple MLP structure often fails to capture crucial higher-order
signals for accurate service recommendations. Our GDMSR
addresses this by implementing a graph-based diffusion model
that captures higher-order signals in interactions. Recent studies
have increasingly focused on the integration of higher-order
information within diffusion processes to enhance service rec-
ommendation performance. GiffCF [90] leverages heat equa-
tions and filtering mechanisms on an service-service graph,
effectively capturing service relationships through a diffusion
framework. In contrast, GDMSR explicitly models the diffusion
process on the user-service bipartite graph, enabling it to directly
capture user-service interactions and their propagation. Mean-
while, CF-Diff [91] proposes a collaborative filtering approach
based on diffusion models, where noise is modeled using a single
Gaussian distribution. However, it does not explicitly incorpo-
rate graph-based diffusion. Instead, CF-Diff adopts rule-based
encoding strategies—such as counting incoming links from
(h− 1)-hop neighbors—to extract higher-order collaborative
signals. This approach is inherently static and non-learnable,
limiting its flexibility and adaptability to complex service recom-
mendation scenarios. Conversely, GDMSR adopts a user-guided
denoising process, iteratively refining the graph structure. This
step-by-step denoising not only reduces computational overhead
but also yields a more accurate and efficient representation
of higher-order collaborative signals. CDiff4Rec [84], on the
other hand, extracts collaborative signals from service features
(e.g., review words) by generating pseudo-users. It primarily

focuses on user behavior similarity and enhances personal-
ized recommendation by aggregating neighborhood information
from both real and pseudo-users. However, CDiff4Rec does not
explicitly model high-order user-service interactions within the
graph structure. It simply adds Gaussian noise to user inter-
action vectors without distinguishing noise types, potentially
overlooking heterogeneous noise patterns present in real-world
scenarios. DiffGT [92] introduces anisotropic and directional
noise into the diffusion process. However, by modeling discrete
structural perturbations using continuous Gaussian noise, it fails
to preserve the inherent sparsity of the service graph. This
results in fully noisy graphs, which significantly hinder the
denoising network’s ability to capture the underlying structural
properties of the service data. Additionally, some studies have
examined diffusion processes within social networks [61], [62],
primarily investigating how social connections influence user
preferences under single-type noise [63]. These methods differ
from GDMSR by focusing on social influence instead of direct
user-service diffusion.

C. Graph-Based Service Recommendation

Graph Neural Networks (GNNs) have been essential in lever-
aging graph-structured data for service recommendation tasks
[64], [65], [66]. The field has evolved from simple random
walks [29] to Graph Convolutional Networks (GCNs) [31] and
attention mechanisms-based methods [67]. Random walks [68]
captured basic relationships but struggled with complex depen-
dencies. GCNs [38], [69], [75] improved this by aggregating
neighborhood information across layers, effectively capturing
higher-order collaborative signals. Attention mechanism-based
methods further enhance this by dynamically weighting nodes
and edges [70], refining the capture of critical higher-order
signals. However, most diffusion-based service recommenda-
tion methods [15], [23], [77] often overlook these higher-order
collaborative signals in complex service recommender systems.
GDMSR introduces graph topology constraints in diffusion-
based service recommendation methods to better model the
higher-order connectivity.

While existing diffusion-based recommendation models have
made promising progress, they often suffer from limitations such
as oversimplified denoising architectures, insufficient modeling
of high-order graph structure, or reliance on heuristic designs.
In contrast, GDMSR integrates learnable graph-based diffusion
with a user-guided denoising strategy, offering a unified, scalable
framework. This design enables more expressive modeling of
collaborative signals and better adaptability to complex recom-
mendation scenarios.

III. PRELIMINARY

A. Diffusion Model

In this section, we introduce the core concepts of diffusion
models (DMs), which comprise both forward and reverse pro-
cesses.

a) Forward Process: Given an input data sample y0, the for-
ward process is defined by q(yt|yt−1), which incrementally cor-
rupts y0 over T steps by adding noise points (z1, . . . , zT ). This
process exhibits a Markov structure, where q(y1, . . . ,yT |y0) =

q(y1|y0)
∏T

t=2 q(y
t|yt−1). As T →∞, q(yT ) approaches a

convergent distribution.
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Fig. 2. The Framework of GDMSR. The bipartite graph is introduced with independent corruptions at both the structural and feature levels through Multi-level
Corruption. A graph-based denoising network then aligns the user and service representations from corruptions, utilizing a GCN-based architecture to reconstruct
the corrupted information.

b) Reverse Process: The denoising modelφθ is trained to learn
the reverse distribution pθ(y

t−1|yt) from yt to yt−1. The model
follows the joint distribution pθ(y0:T ) = p(yT )

∏T
t=1 pθ(y

t−1 |
yt). p(yT ) is the convergent distribution in q. To generate new
samples, noise is sampled from a prior distribution and then
progressively inverted using a denoising model. Formally, both
Gaussian noise and Bernoulli noise conform to this distribution.

Generally, an effective denoising model must satisfy
three key conditions: 1) The distribution q(yt|y0) should
have a closed-form formula, allowing for parallel training
across different time steps. 2) The posterior pθ(y

t−1|yt) =∫
q(yt−1|yt,y0)dpθ(y

0) should be expressed in closed form,
enabling y0 to be the target for the denoising model. 3) The limit
distribution q∞ = limT→∞ q(yT |y0) should be independent of
y0 to be the prior distribution for inference.

B. Recap GCN

Let |U| = M and |S| = N represent the sizes of the user set
and the service set in a service ecosystem, respectively. The
interaction matrixR ∈ R

M×N denotes the interactions between
users and services, where the entries of the matrix are defined
as follows:

rus =

{
1 if user u interacted with service s,
0 otherwise, (1)

we define the set of all users and services as V = U ∪ S , and
the edge set as E = {(u, s) | rus = 1, u ∈ U , s ∈ S}, where
each edge (u, s) represents an interaction between user u and
service s. We construct a bipartite graph G = (X,R), where
X = [xu1, . . . , xuM ] ∈ R

dx×M represents the feature matrix of
the users in U , with dx denoting the feature dimension. The
adjacency matrix AG for the graph G is defined as:

AG =
(

0 R

RT 0

)
. (2)

The degree matrix DG ∈ N
(M+N)×(M+N) of G is a diagonal

matrix, the diagonal element dii represents the number of non-
zero entries in the i-th row vector ofAG . In Graph Convolutional
Networks (GCNs) with L layers, the representation of an ego
node is updated by aggregating information from its neighboring
nodes:

Z(l) = F (Z(l−1),G), (3)

here,Z(l) represents the user or service representations at the l-th
layer, andZ(l−1) is the representations of the previous layer. The
function F denotes the aggregation function used to aggregate
information from neighboring nodes.

IV. METHODOLOGY

The overall framework of our proposed method is illustrated
in Fig. 2. We introduce independent corruptions at both the
structural and feature levels of the bipartite graph (Section IV-A),
aiming to simulate the inherent noise in real-world recom-
mender systems. A graph-based denoising network then aligns
the user and service representations from corruptions, utilizing
a GCN-based architecture to reconstruct the corrupted informa-
tion (Section IV-B). To address relation explosion in large-scale
systems, we propose a user-active guided generation strategy
(Section IV-C) that selectively retains edges for activated users,
reducing computational complexity and improving inference
efficiency. Training and inference details are in Sections IV-D
and IV-E.

A. Multi-Level Corruption

In real-world recommendation scenarios, noise is inherently
heterogeneous. Existing diffusion-based methods typically rely
on single-noise modeling, struggling to address the inherent
complexity of recommendation tasks. To overcome this, we
propose a novel approach integrating two distinct noise types
into the forward diffusion process: Discrete Corruption and
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Continuous Corruption. Independently applied at the structural
and feature levels of the bipartite graph, these corruptions gen-
erate two complementary views for topological and numerical
corruptions, respectively. This design enables our method to
capture diverse forms of heterogeneous noise, enhancing model
robustness and overall performance.

1) Discrete Corruption: To model topological corruption
within the bipartite graph, we utilize a probabilistic transition
matrix based on the marginal distributions of edge types. Specif-
ically, we define a transition matrixQt, where [Qt]e,e′ = q(et =
e′ | et−1 = e) represents the probability of an edge transitioning
from state e at time step t− 1 to state e′ at time step t. Here,
e and e′ denote the two possible edge states (e.g., [1, 0] and
[0, 1]), corresponding to the absence and presence of an edge,
respectively. This transition matrix is parameterized to reflect
the marginal distributions of edge types, thereby ensuring that
the corrupted graph maintains statistical consistency with the
original bipartite graph structure. Let m ∈ R

c×c represents the
marginal distribution matrix of edge types in the original bipar-
tite graph G0R. The transition matrix is defined as:

Qt = αt
RI + βt

R1cm, (4)

where αt
R and βt

R are step-dependent weights, I is the identity
matrix, 1c is an all-ones matrix of size c× c, and c represents
the number of edge types. We transform the original binary in-
teraction matrix R of a bipartite graph G = (X,R) into one-hot

encoded vectors. This results in a new matrix
−→
R ∈ R

M×N×2,
where

−→
Ru,i = [1, 0] indicates the absence of an edge, i.e., rus =

0, and
−→
Ru,i = [0, 1] corresponds to the presence of an edge, i.e.,

rus = 1. Given a bipartite graph G0R = G, the transition to GtR
at time t is defined as:

q
(−→
Rt | −→Rt−1

)
=
−→
Rt−1Qt, (5)

GtR = (X0,Rt). (6)

Using the reparameterization trick and the multiplicativity of
Qt,
−→
Rt is derived from

−→
R0 as:

q
(−→
Rt | −→R0

)
=
−→
R0Q

t
, (7)

since (1cm)2 = 1cm, we have Q
t
= Q1 · · ·Qt = αt

RI +

β
t
R1cm, where αt

R =
∏t

t′=1 α
t′
R ∈ (0, 1) and β

t
R = 1− αt

R,

when T →∞, Q
T

approaches 1cm. By defining transition
matrices that align with the real data probabilities, we can
effectively introduce discrete corruption to the structure of the
bipartite graph. The corrupted bipartite graph after T steps is
denoted as GTR .

2) Continuous Corruption: In addition to modeling topo-
logical graph noise, we also model continuous noise at the
user feature level, which accounts for numerical corruption in
service recommendations. Specifically, given the initial feature
X0 ∈ G, the transition to Xt and GtX at time t ∈ (1, . . . , T ) are
represented as follows:

q(Xt |Xt−1) = N
(
Xt;

√
1− βt

XXt−1, βt
XI

)
, (8)

GtX = (Xt,R0), (9)

here, βt
X ∈ (0, 1) controls the scale of Gaussian noise added

at step t. Using additivity of independent Gaussian noise and
reparameterization trick, Xt is directly derived from X0:

q
(
Xt |X0

)
= N

(
Xt;

√
αt
XX0,

(
1− αt

X

)
I

)
, (10)

where αt
X = 1− βt

X , αt
X =

∏t
t′=1 α

t′
X , through reparame-

terization, we obtain Xt =
√

αt
XX0 +

√
1− αt

Xε with ε ∼
N (0, I). Here, to regulate the added noise, we adopt a linear
noise schedule for 1− αt

X :

1− αt
X = SCC ·

[
αmin +

t− 1

T − 1
(αmax − αmin)

]
, (11)

whereSCC controls the noise scales, whileαmin andαmax repre-
sent the lower and upper bounds of the added noise, respectively.
If T →∞, the Xt approaches a standard Gaussian distribution.
The corrupted bipartite graph at T step is denoted as GTX . By
simultaneously modeling topological and numerical corruption
as complementary perspectives, our method is able to effectively
capture the complex dynamics of user-service interactions in
recommender systems.

B. Graph-Based Denoising Network

Previous studies [77], [89] primarily utilized small multi-layer
perceptron (MLP) networks for denoising tasks, often over-
looking higher-order structural information. This limited their
ability to model complex dependencies. To overcome this, we
introduce a novel graph-based denoising framework that fully
exploits higher-order information within bipartite graphs. Our
approach begins with a unified graph construction module that
integrates corrupted node features with topological structure. An
iterative Graph Convolutional Network (GCN)-based denoiser
then progressively removes noise and refines both structural and
feature representations. By combining higher-order information
with iterative denoising, our framework captures intricate node
relationships and delivers superior performance.

1) Unified Graph Construction: In recommender systems, the
topological structure of a bipartite graph is influenced by user
and service features. Conversely, these features also reveal prop-
erties of the graph topology. This bidirectional relationship high-
lights the necessity of ensuring consistency between feature-
level and topological-level attributes within the bipartite graph.
To enable robust learning under real-world noise, introducing
diversity in the corruption process is critical. Notably, we do not
enforce semantic consistency during corruption itself. Instead,
an alignment module projects both corrupted views into a shared
semantic space. This design allows the forward diffusion process
to capture both noise types while preserving semantic coherence
for subsequent denoising. Leveraging contrastive learning [71],
[72], we design a unified graph construction module that acts as
a regularizer, guiding the denoising process to retain meaningful
semantics while modeling interaction heterogeneity.

Specifically, we transform
−→
RT ∈ R

M×N×2 of GTR into RT ∈
R

M×N by sampling to ensure a diverse graph structure. Sub-
sequently, we process two distinct corrupted views of the
graph: GTR , which incorporates discrete corruption, and GTX ,
which applies continuous corruption through linear projec-
tion layers. This results in two separate sets of user fea-
tures, X ′ and X ′′, each capturing unique characteristics asso-
ciated with their respective types of corruption. We perform
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representation learning on X ′ and X ′′ to aligning user fea-
tures. The same user in both matrices forms positive pairs
((x′u ∈X ′, x′′u ∈X ′′) | u ∈ U), while different users form neg-
ative pairs ((x′u ∈X ′, x′′v ∈X ′′) | u, v ∈ U). The formula in
(12) forces positive user pairs’ representations to be close.

Lugc =
∑
u∈U
− log

exp (s (x′u, x
′′
u) /τ)∑

v∈U exp (s (x′u, x′′v) /τ)
, (12)

here, s(·) denotes the similarity between two representations,
and τ is the temperature hyperparameter of the Softmax func-

tion. The unified user feature matrix X
T

is constructed by
concatenating the aligned features X ′ and X ′′ along with a
corresponding learnable user embedding. The unified corrupted

bipartite graph GT is constructed by X
T

and the interaction
matrix RT from GTR . This graph and a learnable service embed-
ding I are subsequently input into a GCN-based denoiser, which
applies a reverse process to iteratively generate a clean bipartite
graph.

2) GCN-based Denoiser: Modeling graph dependencies re-
quires higher-order information. We propose a GCN-based de-
noiser to model pθ and perform denoising, recovering complex
user-service relationships. Specifically, the GCN denoiser takes

Z
(0)
T = concat(X

T
, I) as the input node representations and

AT as the graph structure, enabling the model to aggregate
information across nodes. Through iterative message passing,
the GCN refines the representations of each node layer by layer.
The representation of each node at layer l, denoted Z

(l)
t , is

computed using the propagation rule in (13).

Z
(l)
t = F (Z(l−1),Gt)

= (Dt)−
1
2At(Dt)−

1
2Z

(l−1)
t , (13)

here, AT and DT denote the adjacency matrix and the degree
matrix derived fromRT ofGTR . After applying multiple layers of
graph convolution, we obtain the refined node representations
Zt for the bipartite graph. We divide Zt into Pt and Qt, the
similarity between Pt and Qt is measured using the cosine
similarity metric for loss calculation, which is defined as:

CosineSim(Pt, Qt) =
Pt ·Qt

‖Pt‖‖Qt‖ . (14)

3) Reverse Process: In summary, the denoiser φθ models the
reverse process, which progressively predicts the target graph
Ĝ from the input graph GT at each step. The joint probability
pθ(Gt−1 | Gt) can be decomposed into a product over users and
edges as follows:

pθ
(Gt−1 | Gt) = pθ

(
X

t−1 | Xt
)
pθ

(
Rt−1 | Rt

)
=

∏
x∈U

pθ
(
xt−1 | xt

)∏
r∈E

pθ
(
rt−1 | rt) . (15)

The underlying assumption is that each user’s features and
corresponding edges evolve independently based on the cor-
rupted graph from the previous time step. This distribution is
used to sample Gt−1 at each step until G is generated.

Fig. 3. User-Active Guided Diffusion Modeling. In the inference process,
GDMSR iteratively adds edges from GT ′ based on the original graph’s degree
distribution. The probabilities (0.3, 0.4, 0.2) determine if a user node is activated
at step t, with only activated nodes’ edges retained (e.g., node 2 has a 0.4
probability of retaining its edges).

C. User-Active Guided Generation

Although the training process effectively captures higher-
order information, the inference process often demands mul-
tiple iterative steps. The method described earlier involves
calculating nearly all edges in the interaction matrix, which
becomes impractical for large-scale recommendation systems.
Inspired by progressive denoising—starting from a noisy state
and refining progressively toward the target distribution—we
introduce a user-active generation strategy to enhance inference
efficiency. Specifically, instead of using the complete bipartite
graph throughout the reverse process, we start with an initially
empty bipartite graph GT ′ and continuously add edges under the
guidance of user activity. At each step t, edges are added using
the transition matrixQt, as defined in Section IV-A1, while only
the edges connected to activated users are retained. To ensure
that the inferred graph gradually approximates the structure of
the original graph as the process converges, the active users at
step t are determined based on the degree distribution of the
original graph G. As illustrated in Fig. 3, for each user u ∈ U ,
a binary vector stu ∈ 0, 1 is sampled based on the user’s degree
dtu in the original interaction graph G. This vector serves as an
indicator of user activity, specifying which users are active at
time step t:

stu =

{
1 with probability dt

u

D

0 with probability 1− dt
u

D

(16)

where D = maxu∈U dtu is the maximum user degree in G.
This formulation encourages active users with rich interactions
to be selected more often during generation. The interaction
matrix Rt′ , after edge addition, replaces Rt (as described in
Section IV-B) as the input to the GCN-based denoiser to predict
the structure at the previous step t− 1. The process iterates
until reaching t = 1. With such a strategy, edges are gradually
added, preserving the original graph’s statistical properties while
significantly reducing computational complexity. Consequently,
the reverse process in (15) is redefined as follows:

pθ
(Gt−1 | Gt) = pθ(X

t−1 | Xt) · pθ(Rt−1 | Rt, st)

=
∏
x∈U

pθ
(
xt−1 | xt

) ·∏
r∈E

pθ
(
rt−1 | rt, st) ,

(17)

This progressive, activity-aware generation strategy not only
improves computational efficiency by sampling active users
but also enhances the structural consistency of the generated
graph. As the process unfolds, the strategy ensures that the
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Algorithm 1: GDMSR Training.
Input: User-service interaction bipartate graph
G = (X,R) and randomly initialized θ, diffusion steps T
1: repeat
2: Sample t ∼ U(1, . . . , T ), ε ∼ N (0, I), and Qt

3: Sample GtR and GtX given G, t, ε, and Qt via (6) and
(9)

4: Compute Ĝ through φθ via (13) and (14)
5: Compute Lugc using (12) and Ldiff using (19)
6: Take gradient descent on ∇θ(λ1Lugc + Ldiff) to

optimize θ
7: until convergence
Output: Optimized θ

TABLE I
DESCRIPTIVE STATISTICS OF THE DATASETS

evolving graph remains statistically aligned with the original
graph, facilitating more accurate and efficient denoising.

D. Optimization

We optimize the denoiser model φθ by minimizing diffusion
loss Ldiff =

∑T
t=1 Lt, and the calculation of Lt is as follows:

Lt = Eq(Gt|G)(‖Ĝ − G‖22), (18)

Ldiff = Et∼U(1,T )Lt, (19)

which regulates the predicted Ĝ to approximate G. In practical,
we uniformly sample step t at each training iteration to optimize
Ldiff over t ∼ U(1, . . . , T ) ((19)). The procedure is detailed in
Algorithm 1. The loss function consists of the unified graph
construction loss Lugc and the diffusion loss Ldiff:

L = λ1Lugc + Ldiff, (20)

where the hyperparameter λ1 serves as a weighting factor to
balance the contributions of these two objectives.

E. Inference

During the inference phase, the GDMSR takes the original
bipartite graph G as input, which is corrupted by the addition
of discrete and continuous noise, and outputs a clean bipartite
graph. Specifically, GDMSR introduces noise into the original
graph G, resulting in the corrupted graphs GTR and GTX . The

corrupted graph GT , with aligned user features X
T

and RT ′

generated through user-active guided generation, is then fed
into a GCN-based denoiser for further generation. This network
progressively denoises the graph, step by step, to predict the
clean graph Ĝ. Finally, the recovered graph Ĝ is utilized for
service ranking, as detailed in Algorithm 2.

TABLE II
DESCRIPTIVE STATISTICS OF THE PROGRAMMABLE WEB DATASET

Algorithm 2: GDMSR Inference.
Input: User-service interaction bipartite graph
G = (X,R), parameters θ, diffusion steps T
1: Initialize an empty graph GT ′ with RT ′

2: for t = T to 1 do
3: Sample GtR and GtX given G, t, ε, and Qt via (6) and

(9)
4: R(t−1)′ = User-active(Gt′) according to

Section IV-C
5: Compute Ĝt−1 through φθ with R(t−1)′ , GtR and GtX
6: end for
Output: Generated Ĝ

V. EXPERIMENTS

A. Dataset Description

We conduct experiments on six widely-used real-world
datasets: 1) ML-1 M1 (movie ratings), 2) Yelp2 (a ser-
vice rating dataset where users share reviews and ratings),
3) Amazon-Book3 and 4) Amazon-Game4 (book and game
reviews from Amazon) and 5) Citeulike-t5 (a dataset collected
from CiteULike and Google Scholar) and 6) Programmable
Web6 (the largest online API registry containing a wide range
of Web APIs and mashups). Following previous methods [77],
[84], for the first five datasets, we sort historical interactions
by timestamp, remove users with fewer than four interactions,
and split the datasets into training, validation, and test sets
with ratios of 7:1:2 (ML-1 M, Yelp, Amazon-Book) and 8:1:1
(Amazon-Game, Citeulike-t). Descriptive statistics for these
five datasets are shown in Table I. For the ProgrammableWeb
dataset, we collected Web API and mashup records from Pro-
grammableWeb.com covering the period from September 2005
to November 2020 [16]. We removed unused APIs that were
never included in any mashup, and retained only mashups that
consist of at least two APIs. For evaluation, records from July
2010 to September 2020 were used as the test set. Descriptive
statistics for this dataset are shown in Table II.

B. Experimental Setup

1) Evaluation Metrics: We use three evaluation metrics: 1)
Recall@K (R@K), measuring the proportion of relevant ser-
vices in the top K recommendations. In (21), R(u) represents

1 [Online]. Available: https://grouplens.org/datasets/movielens/1∼m/
2 [Online]. Available: https://www.yelp.com/dataset/
3 [Online]. Available: https://jmcauley.ucsd.edu/data/amazon/
4 [Online]. Available: https://cseweb.ucsd.edu/∼jmcauley/datasets/amazon_

v2/
5 [Online]. Available: https://github.com/js05212/citeulike-t
6 [Online]. Available: https://www.programmableweb.com/
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the set of top K recommendations for user u, while T (u) is
services that user u is interested in. 2)HR@K (H@K),which
evaluates whether the target service appears within the top-K
positions of the recommendation list, thereby reflecting whether
the user’s actual requirement is successfully captured by the
system. The metric is calculated as shown in (22), where |ytestu |
denotes the number of services used by user u in the test set. 3)
Normalized Discounted Cumulative GainNDCG@K (N@K),
which considers the presence and position of relevant services.
Eq. (23) shows the calculation, where reli is the relevance score,
DCG is the ranking, and iDCG is for normalization.

Recall@K =

∑
u∈U |R(u) ∩ T (u)|∑

u∈U |T (u)|
(21)

HR@K =

∑K
i=1 reli
|ytestu | (22)

NDCG@K =
DCG@K

iDCG
,

with

{
DCG@K =

∑K
i=1

reli−1
log2(i+1)

iDCG = maxranking DCG
(23)

2) Compared Methods: To demonstrate the effectiveness of
GDMSR, we conducted a comparative analysis on six datasets
against eighteen methods, grouped as follows: 1) classical matrix
factorization methods like MF [74], NCF [7]; 2) GCN-based
methods LightGCN [75], CoACN [16]; 3) text-based methods
DeepCoNN [18], GSR [19]; 4) generative autoencoder meth-
ods, including MultiDAE [80], CDAE [81], Ease [82], Con-
VAE [83] and MultiVAE [80]; 5) contrastive learning methods
like LightGCL [79] and NFGCL [78]; 6) diffusion generative
methods like CODIGEM [76], MultiDAE++ [80], DiffRec [77],
CDiff4Rec [84] and CF-Diff [91].
� MF [74] is a classical matrix factorization-based collabo-

rative filtering method.
� NCF [7] is a neural network-based collaborative filtering

model that enhances the non-linear modeling capacity of
traditional matrix factorization by introducing a multi-
layer perceptron (MLP) architecture.

� LightGCN [75] is a lightweight graph convolutional net-
work that generates node representations by aggregating
information from neighboring nodes.

� CoACN [16] incorporates service functional domain in-
formation by designing a functional domain-level attention
unit, which enhances the representation learning of both
users and services.

� DeepCoNN [18] is a deep learning model that jointly
learns user and service representations from textual infor-
mation to perform service recommendation tasks.

� GSR [19] is a service recommendation approach that au-
tomatically acquires services based on user requirements.
It employs reinforcement learning to guide the recommen-
dation process and utilizes BERT to retrieve semantically
relevant user requirements.

� MultiDAE [80] employs dropout to investigate a denois-
ing autoencoder with a multinomial likelihood function.

� CDAE [81] trains an autoencoder to recover interactions
that have been randomly corrupted.

� Ease [82] defines a linear model that is geared toward
sparse data using neighborhood information.

� ConVAE [83] is a conditioned variational autoencoder
for constrained top-N service recommendation where the
recommended services must satisfy a given condition.

� MultiVAE [80] employs variational autoencoders (VAEs)
to recover interaction and uses Bayesian inference for
parameter estimation.

� LightGCL [79] utilizes singular value decomposition for
contrastive augmentation, enabling unconstrained struc-
tural refinement and capturing global collaborative rela-
tions more effectively.

� NFGCL [78] achieves high-quality representations with-
out relying on negative sampling or graph augmentation.

� CODIGEM [76] models the diffusion process using mul-
tiple autoencoders (AEs), but only utilizes the first AE to
predict interactions.

� MultiDAE++ [80] incrementally adds Gaussian noise
to interaction data and trains a MultiDAE to recover the
interactions in a single step.

� DiffRec [77] applies Gaussian noise to each of the user’s
interactions and then reverses the process step by step.

� CDiff4Rec [84] generates pseudo-users from service fea-
tures and leverages collaborative signals from both real
and pseudo personalized neighbors identified through be-
havioral similarity.

� CF-Diff [91] is capable of making full use of collabo-
rative signals along with multi-hop neighbors by a cross-
attention-guided multi-hop autoencoder.

3) Hyper-Parameter Settings: We select hyperparameters
based on the highest NDCG@20 on the test set. Learning rates
are tuned from [0.0002, 0.001, 0.005, 0.01]. The batch size is
fixed at 400, with latent embedding dimensionality and λ1 set to
1000 and 0.1, respectively. The model uses a step embedding size
of 10 and a 2-layer GCN. The diffusion step t is chosen from
[2, 5, 10, 20, 50, 100, 500], with t = 5 performing best. The
continuous noise scale is set within [0.00001, 0.25] (optimal:
0.1), while the discrete noise scale is selected from [0.0010,
0.0008, 0.0007, 0.0006, 0.0005, 0.0003] (optimal: 0.0008). The
range of βt

X in (11) is set to αmin = 0.001 and αmax = 0.01 via
grid search on validation NDCG. The learning rate is 0.00001
with a time step of 5. All baseline models use official source
codes. For fair comparison, we maintain consistent learning
rates and batch sizes with GDMSR, while baseline-specific
hyperparameters follow the original papers. All experiments
are conducted on an NVIDIA GeForce GTX 3090 GPU with
PyTorch.

For the Programmable Web dataset, we maintain consistency
with baselines by splitting the Mashup training set into a training
and a validation set based on interaction history for GDMSR
training. During testing, for each Mashup in the test set, we
identify the Mashup with the most similar textual description
embedding from the training set. The interactions of this cor-
responding Mashup are then used in the diffusion process.
Additionally, the textual description embedding of the Mashup
is introduced as the initialization for the Mashup embedding in
the GCN denoising process, which is then used to predict the
APIs that the Mashup is likely to call.

C. Performance Comparisons

We summarized the performance of various methods on six
datasets in terms ofHR@K,Recall@K andNDCG@K (K =
10, 20). As shown in Tables III, IV, and V, GDMSR outperforms
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TABLE III
PERFORMANCE COMPARISON OF THE GDMSR FRAMEWORK AND OTHER BASELINES ON THREE DATASETS. % IMPROVE. INDICATES THE RELATIVE IMPROVEMENT

OF GDMSR OVER THE BEST BASELINE RESULTS.

TABLE IV
PERFORMANCE COMPARISON OF THE GDMSR FRAMEWORK AND OTHER

BASELINES ON TWO DATASETS. % IMPROVE. INDICATES THE RELATIVE

IMPROVEMENT OF GDMSR OVER THE BEST BASELINE RESULTS.

TABLE V
PERFORMANCE COMPARISON OF THE GDMSR FRAMEWORK AND OTHER

BASELINES ON PROGRAMMABLE WEB DATASET. % IMPROVE. INDICATES THE

RELATIVE IMPROVEMENT OF GDMSR OVER THE BEST BASELINE RESULTS.

all the baselines across all metrics. Additionally, we have the
following observations:
� The matrix factorization method (MF) demonstrates the

weakest performance among baselines except on Citeulike-
t. This is primarily because MF uses explicit user interac-
tions, overlooks implicit user preference information, and
fails to capture higher-order relationships. The superior
performance of NCF over MF demonstrates that increasing
the model’s non-linearity and complexity can enhance

the effectiveness of service recommendations based on
Mashup creation.

� Enhancing the understanding of user requirement descrip-
tions and service descriptions can effectively improve
service recommendation performance in Mashup creation
scenarios. Compared with MF, which only employs simple
keyword matching, models such as DeepCoNN, GSR, and
CoACN can more effectively capture contextual informa-
tion by leveraging rich textual features.

� Most generative models outperform discriminative models
(MF and LightGCN) due to their superior capacity to model
the joint distribution of complex latent factors.

� Among generative baselines, CF-Diff, CDiff4Rec and
DiffRec outperform others, highlighting the effectiveness
of the diffusion process and the step-by-step denoising
approach for recommendation tasks. CDiff4Rec achieves
the best performance by effectively leveraging service-side
information to capture user preferences, though it lacks
explicit modeling of higher-order collaborative signals
among users. CODIGEM performs worse, likely due to
its sole reliance on the first AE for inference.

� Compared to MF and LightGCN, contrastive learning
approaches such as LightGCL and NFGCL achieve
stronger performance, likely due to learning more
discriminative, robust user-service representations
through objectives that explicitly enforce alignment and
uniformity.

� GDMSR achieves state-of-the-art performance on all
datasets by effectively capturing higher-order collabora-
tive signals between users and services during denoising,
enabling better generative service recommendations.

� User interaction data in real-world service recommender
systems often provides only the final click results, while
the underlying decision-making process remains highly
complex and influenced by a diverse set of factors. GDMSR
models the heterogeneous noise present in real-world
service recommendation scenarios by explicitly captur-
ing the inherent noise embedded within user interaction
data and improves the overall service recommendation
performance.

� On large-scale datasets, GDMSR demonstrates a more pro-
nounced advantage. This is because traditional generative
methods primarily focus on element-wise user interaction
generation, making it difficult to capture the complex in-
terdependencies among nodes in large bipartite graphs. In
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TABLE VI
INFLUENCE OF MULTI-LEVEL CORRUPTION AND CONTRASTIVE LEARNING ON

YELP

contrast, GDMSR works at the full-graph level, making it
better suited for large-scale scenarios.

D. Ablation Studies

1) Efficiency of Multi-Level Corruption and Contrastive
Learning: To investigate the influence of multi-level corruption,
we considered several variants of GDMSR:
� GDMSRCC : In the Multi-level Corruption stage, we re-

tained only continuous corruption.
� GDMSRDC: In the Multi-level Corruption stage, we re-

tained only discrete corruption.
� GDMSRNC : We removed the diffusion process, directly

inputting the original topology graph into the GCNs.
� GDMSRNUC : We removed the contrastive learning during

the unified graph construction, directly concatenated the
two views after corruption.

Table VI shows the impact of different corruptions on Yelp.
Removing either discrete corruption (GDMSRCC ) or continu-
ous corruption (GDMSRDC ) leads to a decline in performance
and training instability. Because diverse noise in service recom-
mendation scenarios requires multiple diffusion levels to fully
capture it, and using just one makes the model less accurate.
Without the diffusion process, GDMSR reduces to a model that
inputs the original graph directly into the GCNs, omitting the
critical step-by-step denoising process (GDMSRNC ). GDMSR
operates as a Markov process with graph edits, is permutation
equivariance, and provides an evidence lower bound for likeli-
hood estimation. These properties likely explain its superior per-
formance compared to GDMSRNC . Moreover, removing con-
trastive learning in unified graph construction (GDMSRNUC )
weakens semantic alignment between two corrupted views,
which degrades performance. This component ensures the de-
noising process effectively captures and models interaction het-
erogeneity.

2) Efficiency of User-Active Guided Generation: We sam-
pled 3,000 users and their associated services, creating a sub-
dataset from the Yelp dataset, referred to as Yelp-s. This sub-
graph was utilized to assess the impact of GDMSR and its
variant, GDMSRNUA, on computational memory efficiency. In
GDMSRNUA, the user-active guided strategy is canceled, mean-
ing that during inference, the absence of user-active nodes dimin-
ishes the differentiation in the significance of predicted edges.
These redundant edges not only result in a loss of topological in-
formation but also introduce additional computational overhead.
This could explain why GDMSR outperforms GDMSRNUA, as
demonstrated in Table VII. We further compare GDMSR with
DiffRec, a strong diffusion-based baseline. Although GDMSR
consumes more computational resources due to its enhanced
modeling components (e.g., noise-aware diffusion and graph
propagation), its cost remains comparable to DiffRec, which

TABLE VII
INFLUENCE OF USER-ACTIVE GUIDED GENERATION STRATEGY

Fig. 4. Influence of the number of GCN layers l.

Fig. 5. Influence of the loss hyperparameter λ1.

relies solely on an MLP for denoising. Crucially, this trade-off is
justified by GDMSR’s superior recommendation performance.

E. Parameter Sensitivity Analysis

1) GCN Layers: We investigated the influence of the number
of GCN layers, denoted as l, on performance. When l = 0,
the GCN reduces to a multilayer perceptron (MLP), which is
inadequate for processing complex graph information, resulting
in suboptimal performance. As the number of GCN layers
increases, performance initially improves but subsequently de-
clines, indicating that excessive higher-order information may
introduce unnecessary noise. Detailed results are presented in
Fig. 4.

2) Sensitivity Analysis of λ1: To explore the sensitivity of
GDMSR to the hyperparameter λ1, we conducted a series of
experiments varying λ1. The results indicate that the service
recommendation performance is optimal when λ1 = 0.1. As
λ1 increases, neither Recall nor NDCG exhibits any significant
improvement. Detailed results are presented in Fig. 5.

3) Noise Scale: We evaluate the impact of hyperparameters
SCC in (11) andSDC parameterizingm in (4) on service recom-
mendation performance. As shown in Fig. 6, GDMSR achieves
optimal performance at SCC = 0.1 and SDC = 0.0008. How-
ever, performance declines with increasing SCC . An appro-
priate SDC must align with the original graph’s topology, as
excessively large or small values can disrupt the contained
information.
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Fig. 6. Influence of the noise scale SCC and SDC .

TABLE VIII
EVALUATION ON LONG-TAIL DISTRIBUTION

F. Additional Analysis

1) Evaluation on Long-Tail Distribution: In user-active
guided generation, GDMSR incrementally adds edges to an
initially empty graph based on probability, ensuring a diverse
graph structure. Unlike fixed graph architectures where highly
popular users tend to dominate, this approach provides less
popular (long-tail) users with a probability of being activated,
thereby increasing their exposure. This probabilistic sampling
enhances the model’s robustness and helps alleviate potential
popularity bias. We conducted experiments on the ML-1 M
dataset, focusing on the long-tail distribution. We identified the
bottom 20% of users based on their interaction frequency and
compared the performance of our user-active guided strategy
against that of a baseline employing an average probability-
based strategy for this subgroup. The results in Table VIII
illustrate that GDMSR effectively reduces popularity bias and
offers better recommendations for long-tail users.

2) Qualitative Analysis: To further illustrate the superiority
of GDMSR, we conducted a case study on the ML-1 M dataset.
Specifically, we examined two users, user 1 and user 2093,
who interacted with the same four movies: 211, 189, 261, and
823. GDMCF successfully predicted user 1’s interactions, while
the baseline method, DiffRec, failed to predict the interaction
with movie 261. This highlights the advantage of incorporating
higher-order information in GDMSR.

3) Analysis of Model Complexity: To assess GDMSR’s scal-
ability, we analyzed its time and space complexity. The time
complexity is O(T (MN +M2d+ L|E|d)), dominated by
graph convolution over the interaction graph, where M and N
are user and service counts, T is diffusion steps, L is GCN
layers, d is feature dimension, and |E| is edge count. Space
complexity is O(MN + (M +N)d+ L(M +N)d), suitable
for large-scale use. Per-epoch training times are 21 s (Yelp),
2 s (Citeulike-t), and 169 s (Amazon-game), demonstrating its
efficiency in real-world scenarios.

4) Feature Alignment Visualizition: To verify the efficiency
of the unified graph construction module that aligns the feature-
level and topological-level attributes within the bipartite graph,
we visualized the unaligned features X ′ and X ′′, as well as
the aligned features X ′ and X ′′ on Yelp. Fig. 7 demonstrates
that, after alignment, the features of the aligned users became
significantly closer.

5) Performance by User Activity Groups: To evaluate
GDMSR across user activity levels, we divided Yelp users into

Fig. 7. Feature alignment visualizition of two corruptions.

TABLE IX
PERFORMANCE BY USER ACTIVITY GROUPS

five equal groups by interaction frequency (Table IX). Recall
metrics consistently improve as activity decreases from Group 1
(Most Active) to Group 5 (Long-tail), demonstrating GDMSR’s
particular effectiveness for users with sparse data.

VI. CONCLUSION AND FUTURE WORK

Generative models outperform discriminative models by cap-
turing the joint distribution of latent factors, and diffusion-
based service recommendation methods have shown remark-
able results. However, existing approaches operate primarily
at the element-wise level, overlooking higher-order collabo-
rative signals. To address this, we propose GDMSR, which
captures higher-order collaborative signals at the graph level,
thereby improving graph-based diffusion learning. To tackle
noise heterogeneity, we employ multi-level corruption and align
the corrupted features into a unified space for graph-based
denoising. Additionally, we reduce inference costs by retaining
only the edges associated with activated users in the bipartite
graph. Extensive experiments on six datasets demonstrate that
GDMSR consistently outperforms competing methods in both
effectiveness and efficiency. In the future, we plan to develop
more scalable training strategies for high-noise service environ-
ments and large-scale scenarios. Moreover, we aim to design
user activity–aware mechanisms to dynamically identify active
users, enhancing the model’s ability to evolve via adaptive graph
structures.
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