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Abstract

Illegal related-party transactions (RPT) are federal felonies
that pose a severe threat to the stability and integrity of
modern financial systems. The increasing frequency of RPTs
forms complex and dynamic networks. Existing temporal
graph learning methods tend to treat entities as functionally
homogeneous, ignoring the diverse and evolving structural
roles of nodes. Role-based embedding methods model global
structure by bridging same-role nodes, but their reliance on a
unified mechanism for aggregation and evolution means they
fail to distinguish the underlying logic of distinct interactions
governed by structural roles. The limitations motivate us to
develop a customized role-based strategy. It can also adapt to
evolving RPT dynamics, thereby forming a continuous reg-
ulatory process to combat illegal activities. In this paper, we
propose an innovative Role Perceptual Augmented Temporal
Graph Network (RPATGN) for proactive RPT detection. We
analyze the structural roles of nodes and employ a role-based
message passing mechanism that adapts its aggregation strat-
egy based on the roles of interacting nodes. We integrate a
variational graph recurrent neural network, enhanced by tem-
poral contextual attention, to explicitly model the dynamics
of the roles and the overall network evolution. Extensive ex-
periments on real-world financial datasets demonstrate the ef-
fectiveness of our approach for RPT detection. It holds prac-
tical significance for fostering robust financial systems and
promoting healthy, transparent financial markets.

Code — https://github.com/Claireliu0912/RPATGN

Introduction

Related-party transactions (RPT) involve the transfer of re-
sources, services or obligations between a listed company
or its subsidiaries and related parties (Muthupandian 2009),
which can improve resource efficiency but pose risks of
abuse for personal gain (Kohlbeck and Mayhew 2017). Safe
and easily manipulated RPT appears to become the optimal
choice for financial fraud to cash out (Mao et al. 2022). RPT
has greatly affected the stability and fairness of the market
(Kohlbeck and Mayhew 2010; Ryngaert and Thomas 2012;
Dou et al. 2022). To achieve proactive supervision, it is cru-
cial to move beyond post-hoc detection towards predicting
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(a) Occurrences of all 4-node connected graphlets on the RPT net-
work with node roles indicated in different colors.
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(b) The layout of a typical RPT network. Node color denotes
neighborhood aggregation factor (NAF). The box plot shows the
NAF distribution for central and peripheral nodes on RPT dataset.

Figure 1: RPT network exhibits a core-periphery structure,
and structural roles count in determining node interactions.

the evolution of corporate networks. The ability to accu-
rately forecast the emergence of intricate and dynamic re-
lationships is a cornerstone of regulatory technology.

Recently, Graph Neural Networks (GNNs) have emerged
as a powerful tool to unveil inherent connections in com-
plex RPT networks (Hu et al. 2020; Zheng et al. 2023;
Cheng et al. 2025). Given that financial activities unfold over
time, RPT networks are inherently dynamic. New entities
may emerge as transient shell companies, and interactions
can shift abruptly to evade detection. Therefore, dynamic
GNNs, which incorporate a temporal dimension, can pro-
vide deeper insights into the evolving RPT graphs (Cheng
et al. 2018, 2020b; Xiang et al. 2022; Hu et al. 2023). How-
ever, many temporal graph learning methods fall short when
applied to the RPT networks. They tend to treat nodes as ho-
mogeneous, assuming that the principles of link formation
are uniform across the graph (Jin, Song, and Shi 2020; Liu
et al. 2025). The assumption overlooks a fundamental driver
of RPT: the heterogeneous structural roles of the entities in-
volved, which often function differentially in the network.

RPT networks, like most financial networks, are complex
relational systems shaped by human behavior and exhibit
significant structural role phenomena (Barabasi and PA3sfai
2016). As shown in Figure 1, the RPT network is domi-



nated by a core-periphery structure, where a few nodes have
multiple connections, representing financial institutions with
large transaction volumes and multiple parties involved. Nu-
merous nodes represent ordinary entities connected to the
core, with a clear distinction between node roles (central
and peripheral). The structural roles simultaneously define
the nature of interactions and enhance the perception of lo-
cal and global graph structures. Existing role-based meth-
ods treat structural roles as static attributes (Zhang and Kou
2022) or generate auxiliary features by bridging structurally
similar nodes (Du et al. 2024; Wang et al. 2024). Despite
capturing similarities among same-role nodes, they apply
unified operations to functionally distinct role-based inter-
actions and evolution. They fail to distinguish the business
purpose of diverse RPT interactions.

Therefore, we propose Role Perceptual Augmented
Temporal Graph Network (RPATGN), a novel framework
designed for dynamic link prediction in RPT networks. Its
core innovation lies in the ability to model not only the di-
verse functions governed by structural roles but also their
dynamic evolution over time. (1) Spatially, a role-based
adaptive message passing mechanism is introduced to per-
ceive structural heterogeneity. It is dynamically customized
based on the node’s role and the role-based composition of
its neighborhood, enabling the model to differentiate diverse
interactions. It distinguishes the unique behaviors of neigh-
bors with different roles to capture diverse local functions,
while simultaneously leveraging the shared patterns among
nodes with the same role to effectively model long-range de-
pendencies. (2) Temporally, RPATGN employs a variational
graph recurrent neural network to explicitly model the tem-
poral transition of roles. We also utilize a temporal contex-
tual attention mechanism that adaptively weights historical
snapshots. In this way, RPATGN generates powerful repre-
sentations that are sensitive to both the immediate network
structure and long-term trajectory of each entity. We sum-
marize the main contributions of this paper as follows:

* To the best of our knowledge, this is the first work that
addresses the RPT supervisory challenge in the finan-
cial market by proposing a novel temporal graph learn-
ing method, which focuses on both the characteristics of
RPT role-based patterns and the dynamic diffusions.

* We devise a role-based message passing mechanism that
enhances the perception of both local and global struc-
tures to capture complex structural patterns and develop
a temporal learning architecture to capture the graph evo-
Iution and time dependencies across multiple time steps.

» Extensive experiments on real-world datasets demon-
strate the superiority of our model compared to state-of-
the-art methods. The model was evaluated in the real-
world RPT regulatory system, showing its applicability
in providing practical technical support to maintain the
stability and integrity of the financial system.

Preliminary
Background and Motivation

RPT is a common aspect of modern corporate operation,
whose inherent opacity can be exploited for illicit purposes,
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such as asset tunneling and harming minority shareholder
interests. Financial fraud cases involving RPTs, such as the
Enron scandal, have resulted in significant financial losses
and have undermined public trust in financial markets (Hope
and Lu 2020; Bratton 2001; Han et al. 2025; Xiang et al.
2025). The sheer scale and dynamic complexity of the cor-
porate interactions overwhelm traditional, post-hoc auditing
methods. This creates an urgent need to shift the regulatory
paradigm from reactive detection to proactive supervision.
The paradigm shift hinges on the technical challenges
posed by the intrinsic nature of RPT networks. As illus-
trated in Figure 1, our empirical analysis reveals that RPT
networks are dominated by a core-periphery structure and
structural roles have direct functional implications. Specif-
ically, we first counted the frequencies of all connected 4-
node graphlets on the RPT dataset to uncover the fundamen-
tal connection patterns. Then, we devised a composite metric
Neighborhood Aggregation Factor (NAF), inspired by the
neighborhood entropy and center-neighbor similarity from
(Xie et al. 2020) to quantify a node’s functional influence
within the context of GNN message passing. The detailed
empirical analysis is provided in the supplementary files.
Therefore, an effective predictive model must overcome two
challenges: (1) capture the dynamic evolution of structural
roles, and (2) devise customized strategies for the diverse
interaction patterns governed by these roles. To this end, we
develop a role perceptual augmented model that can predict
the formation of potential RPTs, thus enabling proactive su-
pervision and helping to maintain financial stability.

Problem Formulation

RPT Network. In RPT networks, we treat entities involved
in the transaction process as nodes and construct the network
based on whether there is an RPT between the entities. RPT
data is typically derived from periodic corporate disclosures
(e.g., quarterly reports), presented as snapshots at a specific
time step rather than a continuous data stream. Therefore, we
use discrete graphs, establishing snapshots based on transac-
tion time and duration to capture the state changes of RPT.
A discrete-time temporal graph is defined as a series of ob-
served static graph snapshots, G = {G',G?, ..., GT'}, where
T is the number of snapshots. Each snapshot Gt = (V*, E*)
is an undirected graph with the current node set V'* and edge
set E*. In addition, each snapshot can be represented by its
M-dimensional node attributes X* € RV*M and the cor-
responding adjacency matrix A!. As time evolves, both the
sets of nodes and edges are non-static, placing our task as
inductive extrapolation of discrete graphs.

RPT Detection. Our primary objective is the proactive de-
tection of RPTs; that is, based on the history of corporate in-
teractions, we aim to predict which RPTs are likely to occur
in the future. The objective is formally framed as a temporal
graph link prediction task. The goal is to learn latent repre-
sentations h? by giving the snapshots till timestamp ¢. For
each snapshot, we can use a static graph neural network f;
to learn spatial patterns and a recurrent network fs to learn
temporal patterns (Skarding, Gabrys, and Musial 2021):

ht = f2(f1(At7Xt)7ht71)~ (1)
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Figure 2: Overview of the RPATGN framework. The model identifies structural roles from dynamic graphs to guide (I) Role-
based Adaptive Message Passing. (II) Temporal Contextual Attention Mechanism for incorporating historical context. (III)
Role-based Variational Graph Recurrent Neural Network integrates structural and temporal patterns and updates hidden states.

Methodology

Based on our empirical observations of RPT networks, we
propose the Role Perceptual Augmented Temporal Graph
Network (RPATGN). The goal of this framework is to con-
struct finer-grained node representations by capturing both
the structural roles of nodes within a snapshot and the dy-
namic evolution of the graph structure across time. It takes a
series of spatio-temporal graphs as input and ultimately pre-
dicts links in future snapshots. The overview of the model
framework is illustrated in Figure 2.

Structural Role Discovery

As established by preliminary analysis, RPT networks ex-
hibit a distinct core-periphery structure. In such topologies,
node degree serves as a simple yet effective proxy for struc-
tural features. For each temporal snapshot of the graphs
Gt = (V! E?), anode v € V! is assigned a structural role
by comparing its degree d(v) against a predefined threshold
6. The process is formalized through a mapping function ®
that assigns each node to a role in the set S = {s1, s2}:

@(v):{ d(v) >0

o @)
d(v) <0
where s1, so represent central and peripheral nodes respec-
tively, and 6 can be determined empirically (e.g., using a
percentile of the degree distribution) or based on domain-
specific knowledge. The definition of structural roles is flex-
ible and can employ various mapping functions according to
the context and specific application. This procedure yields a
role vector R = {®(v)|v € V'*'} for each snapshot.

82

Role-based Adaptive Message Passing

Based on the structural roles identified previously, a role-
based adaptive message passing mechanism is designed to
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make the information aggregation process sensitive to the
specific function of each node, allowing for a finer-grained
representation and better capture of varying structural prop-
erties. The process consists of two key steps: role-gated mes-
sage aggregation and role-specific node updates.
Role-gated Message Aggregation. The message function
uses a role-based gating mechanism to control the mes-
sage vector from a node’s neighborhood. The gating mech-
anism emphasizes or diminishes the amount of propagated
information depending on the composition of the neighbors’
roles. It is learned by model training, optimizing the coeffi-
cients according to the contribution of message vectors from
nodes with different roles to the prediction performance. The
gating signal can be defined as:

9(v) = o(Riy(,) Wy + by). 3)

Here, ij(v) is the matrix of role distributions for the neigh-

bors of node v, W and by are learnable weight matrix and
bias. The message passing and aggregation function with the
gating mechanism can be expressed as:

=gv)- Y

uweN (v)

m,

1
Vawaw @

where x,, represents the hidden state (or feature) of node u,

W is a learnable weight matrix, and ———— is a normal-
g Vawdw)

ization coefficient to balance the influence of node degrees.
Role-specific Node Update. After completing the message
aggregation, node v updates its node representation:

Xy = U(W<1>(v) "Xyt mv)- &)

W (v is the role-specific weights to combine the features
and aggregated information based on the node’s role. This



step ensures that nodes with different structural functions
also have distinct feature transformation capabilities.

Based on the above, the role-based graph convolution pro-
cess in matrix form can be concluded as:

o(A,X,R) = WX + D™V/2A ,D7V2XW,  (6)

where A = g© A is the adjacency matrix adding self-loops
with gating signals, ® denotes element-wise multiplication,
A = A +1, and D is the degree matrix for the graph. Note
that in this formula, A, X, and R represent an adjacency
matrix, a feature vector, and a role vector respectively.

Temporal Contextual Attention Mechanism

In dynamic graphs, node representations need to main-
tain structural proximity and capture temporal evolution. To
achieve this, we first record historical snapshots of the net-
work and utilize a temporal attention layer to assign higher
weights to more relevant historical information. This com-
ponent computes the influence weights of each historical
snapshot on the current snapshot, integrating temporal infor-
mation into node representations, thereby relieving the limi-
tation of ordered modeling of RNNs (Cui et al. 2019).

Let H = [h!~w; ht=w*1; - h!'~1] be the context matrix
consisting of recent w hidden states, where w is the window
width of the context. We calculate attention weights using a
fully connected layer and the tanh activation function:

e=r'tanh (QH"), (7)

where r € R?, Q € R9*? are the weight vector and matrix
for attention, d is the dimension of the hidden states. Then,
the softmax function is used to normalize attention weights:

exp(e;
E:j:1eXp(ej)
Here, a; is the weight of the i-th historical snapshot. We ob-

tain the final weighted historical representation, which en-
capsulates temporal evolution information:

h'™! = (aH)".

a; =

©))

Role-based Variational Graph Recurrent Neural
Network

To model the temporal evolution, we employ a role-based
Variational Graph Recurrent Neural Network (VGRNN),
building upon the approach in (Hajiramezanali et al. 2019).
The architecture is uniquely suited for our task as it com-
bines the sequential modeling power of RNNs with the
structural learning capability of GNNs, all within a proba-
bilistic framework that can handle the inherent uncertainty
of financial data. Using this framework, we integrate struc-
tural role information by conditioning the VGRNN’s graph
encoder. In this way, it can fully capture the complex de-
pendencies between topological evolution and time-varying
node attributes, as well as the variations of structural roles.
First, using the weighted historical representation h*~!
after passing through fully connected layers, we derive the
prior distribution, which follows a normal distribution N:

P(Z A, X< = T N (1t prior diag((0f ior) ), (10)
=1
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where il by, are the parameters of the conditional
prior distribution, representing the mean and variance re-
spectively. n denotes the number of nodes. Then, we utilize
the defined ¢ in Eq.(6) as the encoder, yielding the parame-

ters of the approximated posterior . and ol .:

enc*

fihhe = 0u((X" | B, AL RY), (11)

Ohe = ¢o (X' | 71, A" RY), (12)

where || denotes the concatenation operation. And we can
derive the posterior distribution of Z?:

q(Z' A", X 1Y) = [T N (i enes diag((0F ene)?))- (13)

i=1

We update the hidden states using the recurrence equa-
tion using a non-probabilistic deep neural network f that
integrates GCN and RNNs, where the deep layers in the re-
cursive network are replaced by graph convolutional layers:

h! = f(A! [X! || Z!],Rf, h7Y). (14)

Here, we also adopt a role-based message passing mecha-
nism in the message passing module of the graph convolu-
tional layer. This allows us to capture the variations in node
roles and the dynamic changes in the graph structure.

Loss Function and Optimization

The loss function consists of two parts: the reconstruc-
tion loss and the Kullback-Leibler divergence (Kingma and
Welling 2013) between the prior and posterior. Since link
prediction is generally seen as a binary classification task,
a common form of reconstruction loss is based on binary
cross-entropy. The joint loss function £ is formulated as:

T
=3 3 [AllogAL +(1-AlL)log(1 - AL)| -
t=1 (i,j)eE?
KL(q (Zt|ASt, th7 Z<t) ||p (Zt | A<t, >(<t7 Z<t)).
15)

Here, E* denotes all node pairs at time step ¢. The model can
be optimized through standard stochastic gradient descent-
based methods. We use a default Adam optimizer (Kingma
and Ba 2014) with the learning rate of 10~2 and the weight
decay of 10~° to execute the optimization process.

Complexity Analysis

We analyze the time complexity of the main components in
each timestamp. Let |V| be the number of nodes, |E| the
number of edges, d the feature dimension, and w the context
window size. In the structural role discovery module, calcu-
lating node degrees and assigning roles has a complexity of
O(|V'| + | E]). For the role-based adaptive message passing
module, computing gating signals is O(]V| - d), and mes-
sage aggregation and node update are O(|E| - d). The tem-
poral contextual attention mechanism involves constructing
the context matrix O(w - |V| - d) and computing attention
weights O(w - |V| - d?), resulting in a total complexity of



O(w - [V| - d?). Lastly, the role-based variational graph re-
current Neural Network has complexities of O(|V| - d?) for
computing distribution parameters, encoding node represen-
tations, and updating hidden states. The overall complexity
for each timestamp is O(maz(w - |V| - d?, |E| - d)).

Experiment

In this section, we conduct experiments to answer the fol-
lowing four research questions:

* RQ1: How is the overall performance of RPATGN com-
pared with state-of-the-art methods?

¢ RQ2: What is the individual contribution of the various
components within RPATGN to its overall performance?

* RQ3: How do hyper-parameter configurations affect the
performance of RPATGN?

* RQ4: What qualitative evidence demonstrates that
RPATGN’s ability to capture the evolution of node roles
in real-world business scenarios?

Experimental Settings

Datasets. We conducted experiments on four real-world
financial transaction networks that commonly exhibit core-
periphery structure patterns. Table 1 shows detailed statistics
of the datasets. Specifically, the RPT dataset was collected
from regularly disclosed RPT data in China’s nationwide fi-
nancial market, spanning from January 2015 to December
2021. It includes profiles of over 5,000 listed companies and
more than 30,000 related parties, RPT operation informa-
tion, and financial exchanges involved in these transactions.
It includes profiles of over 5,000 listed companies and more
than 30,000 related parties. After data cleaning, we obtained
over 670,000 high-quality RPT records. We constructed a
dynamic graph where nodes represent entities and an edge
at a given time indicates an RPT. We are working closely
with our partners on data anonymization and open-sourcing,
aiming to contribute this valuable industry-level dataset to
the academic community and promote research on RPT. In
addition, we selected three other open-source datasets for
our experiments: Elliptic, Bitcoin OTC, and Bitcoin Alpha.
For all datasets, we partitioned the data into a sequence of
graph snapshots at quarterly intervals.

Baselines. We compare the performance of our proposed
method with the state-of-the-art baselines, including two ad-
vanced static network embedding models GAE (Kipf and
Welling 2016) and VGAE (Kipf and Welling 2016) and sev-
eral temporal graph learning models DySAT (Sankar et al.
2020), EvolveGCN (Pareja et al. 2020), GRUGCN (Seo
et al. 2018), VGRNN (Hajiramezanali et al. 2019), HTGN
(Yang et al. 2021), DGCN (Gao et al. 2022), HGWaveNet
(Bai et al. 2023), HMPTGN (Le and Ta 2024), RTGCN (Du
et al. 2024), Hawkes-GNN (Qi et al. 2025). The detailed de-
scription of the datasets and baseline method is summarized
in the supplementary materials at GitHub.

Evaluations. We obtain node representations that can be
applied to various downstream tasks. Our goal is to predict
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Dataset #Nodes #Edges #Snapshots
RPT 37,651 675,935 28
Elliptic 203,769 234,355 49
Bitcoin OTC 5,881 35,592 20
Bitcoin Alpha 3,783 24,186 20

Table 1: Statistics including the number of nodes, edges, and
snapshots of the selected dataset.

future RPT, focusing on the task of dynamic graph link pre-
diction. Typically, the task involves training on a given se-
quence of k snapshots and predicting the link in the next
or multiple future snapshots. We choose the first 50% snap-
shots as the training set and the rest of the snapshots as
the test set. For static models, we use all the edges in the
training shots for training and the remaining as the test set.
We employ two common evaluation metrics: area under the
ROC curve (AUC) and average precision (AP) to compre-
hensively assess the model’s ability to correctly classify true
and false edges. Following previous work (Yang et al. 2021),
we label all known edges in the test snapshots as true and
sample an equal number of non-links as false.

Parameter Settings. In our implementation, we con-
ducted the experiment five times and reported the average
results. For datasets without node features, we use one-hot
encoding as the input feature. For all baselines, we take the
recommended parameter settings unless otherwise noted.
For our proposed RPATGN, we set the embeddings dimen-
sion as 128 for RPT, Elliptic datasets and 32 for Bitcoin-
OTC, Bitcoin-Alpha. We uniformly set the historical snap-
shot recording window to 3. During training, we used early
stopping with patience of 50 and a maximum of 200 itera-
tions to prevent overfitting and optimize performance. Our
method is implemented using PyTorch 1.12.1 with CUDA
11.3 and Python 3.7 as the backend. The model is trained on
a server with four 32GB NVIDIA Tesla V100 GPUs.

Overall Performance

Table 2 presents the main experimental results across all four
real-world datasets. The findings demonstrate that our pro-
posed RPATGN consistently outperforms all baseline meth-
ods. The improvements are statistically significant, as val-
idated by t-tests. On average, RPATGN achieves a relative
gain of 3.7% in AP over the strongest baseline, showcas-
ing its superior ability to capture network dynamics and
learn expressive node representations. The strong perfor-
mance across diverse financial networks, including RPTs,
blockchain, and bitcoin transactions, underscores the broad
applicability and effectiveness of our approach. More specif-
ically, our RPT dataset contains over 600,000 transaction
records involving over 748 billion USD. A mere 1% im-
provement can translate to detecting transactions worth over
7.48 billion USD, showcasing the immense potential of our
method for enhancing financial regulation. Additionally, it is
worth mentioning that compared to RTGCN’s high memory
use due to constructing structural role-based hypergraphs,



Dataset | RPT | Elliptic | Bitcoin OTC Bitcoin Alpha
Metric | AUC AP | AUC AP | AUC AP AUC AP
GAE 77.65 £0.62 83.50 +0.38 | 81.77 £1.91 81.22 +1.90 | 83.20 £ 0.98 86.05 4+ 0.71 | 85.36 £ 2.06 88.74 £+ 1.56
VGAE 81.86 £ 0.08 84.59 £0.29 | 78.35 £ 0.23 74.68 £0.22 | 81.50 £ 0.72 8598 £0.59 | 84.11 = 1.33 87.46 £ 1.12
DySAT OOM OOM OOM OOM 85.67 £0.09 83.23 +0.62 | 84.32 £ 0.28 82.21 +0.35
EvolveGCN OOM OOM OOM OOM 83.68 £2.98 86.27 £2.83 | 85.01 & 1.23 87.06 £ 1.65
GRUGCN 83.27 £0.07 83.73 £0.31 | 82.39 £0.22 85.72 + 0.33 | 86.66 £ 1.90 86.32 4+ 1.57 | 88.72 & 2.59 87.68 &+ 3.79
VGRNN 84.56 £0.11 85.15+£0.23|79.40 £0.32 83.59 +1.94|85.67 £ 0.31 86.95 4+ 0.33 | 88.08 + 0.60 89.30 £ 0.05
HTGN 85.93 £0.06 80.48 £ 0.04 | 80.08 £0.11 86.24 + 0.06 | 88.67 £ 0.28 79.99 4+ 0.14 | 92.23 + 0.33 86.68 £ 0.36
DGCN 86.90 £ 0.12 85.46 £ 0.20 | 84.75 £ 0.03 83.49 £ 0.04 | 88.58 £ 0.03 87.68 £ 0.01 | 86.46 £+ 0.04 84.88 £ 0.01
HGWaveNet 86.63 +£0.04 82.05 +0.22 | 81.22 £0.18 73.09 £ 0.37 | 87.18 £ 0.03 79.05 £0.03 | 87.27 £ 0.15 84.69 £ 0.51
HMPTGN 86.27 £ 0.06 85.09 £ 0.01 | 84.04 £0.03 77.97 £0.03 | 85.91 £0.21 78.02 £0.31 [ 92.09 £ 0.01 86.91 £ 0.01
RTGCN OOM OOM OOM OOM 87.66 £ 0.20 81.77 £0.18 | 89.27 + 0.29 89.50 + 0.43
Hawkes-GNN | 83.21 £0.21 83.37 £0.11 [ 79.05 £ 046 77.43 +0.80 | 84.59 £0.21 85.53 £ 0.11 | 83.76 £ 0.43 82.90 £ 2.42

RPATGN(Ours) | 87.62 + 0.07

88.76 + 0.17 | 85.89 + 0.12

87.43 +£0.24 | 91.59 + 0.33

92.11 £ 0.30 | 93.12 + 0.14

93.37 £ 0.09

Table 2: AUC and AP scores (% = standard deviation) of dynamic link prediction task on real-world datasets. OOM: Out Of
Memory. The bold results represent the best methods for each dataset, and the underline results represent the second-best.
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Figure 3: AUC of link prediction at each test snapshot on the
Bitcoin OTC and Bitcoin Alpha datasets.

our method modifies message passing based on structural
roles, enhancing structure representation and boosting effi-
ciency on large-scale graphs.

To evaluate the model’s long-term and short-term predic-
tion capabilities, we compared its performance with selected
baseline models across different test snapshots over time. As
illustrated in Figure 3, some competitive baselines, such as
HTGN, perform well initially but show a noticeable perfor-
mance decline as they predict over the long term. In contrast,
our RPATGN demonstrates exceptional stability, maintain-
ing a consistently high performance margin across nearly all
snapshots. This highlights our model’s robust ability to cap-
ture both long-term and short-term dynamics, a substantial
advantage for reliable dynamic link prediction tasks.

Ablation Study

We conduct ablation experiments to validate the effective-
ness of the proposed model’s main components. We fur-
ther investigate three variants of RPATGN, which are w/o
RAMP, w/o TCAM, and w/o RVGRNN, removing the role-
based adaptive message passing mechanism, the temporal
contextual attention mechanism, and the role-based varia-
tional graph recurrent neural network respectively from the
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Figure 4: Ablation studies for different RPATGN framework
variants, in terms of AUC and AP.

original model. Figure 4 presents the results of the abla-
tion study, showing that performance decreases when each
component is removed. Notably, the most significant perfor-
mance drop occurs in the w/o RAMP variant, especially on
the Elliptic dataset. This is because the Elliptic network ex-
hibits a prominent core-periphery structure, where the role
distinction in local structures is pronounced. It suggests that
the customized aggregation strategy truly counts in captur-
ing structural role differences, significantly impacting the
model’s performance.

Parameter Sensitivity Experiment

We further investigate the model generalization performance
on hyper-parameters of varying embedding dimension d
from 16 to 256 and historical window size w from 1 to 10. As
illustrated in Figure 5, the AUC score is consistently higher
at d =32 and d =64. Smaller dimensions capture fine-
grained, local relationships but may miss sufficient detail,
especially in larger snapshot windows. Larger dimensions
can overfit, capturing excessive details that may not gener-
alize well, especially in smaller datasets. Furthermore, the
model is relatively stable across different w, with slight im-
provements around w =5. Larger windows including more
historical information can help capture long-term trends but
may introduce noise and redundancy, potentially degrading
performance in ever-changing scenarios.
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Figure 6: Visualizing the evolution of RPT networks and
highlighting the trajectory of company A, where the edge
color denotes the predicted probability.

Case Study

To demonstrate RPATGN’s ability to capture real-world
business dynamics, we present a case study on a single en-
tity, Company A. Figure 6 displays the UMAP projection
of the node embeddings around Company A and the corre-
sponding network structure from 2018 to 2021. According to
public records, Company A underwent a period of expansion
between 2018 and 2019, establishing numerous new RPTs
with other large companies (central nodes in the network).
In this way, it actively formed the very core-periphery struc-
tures our initial analysis identified as the dominant topologi-
cal pattern in these networks. By 2021, Company A’s expan-
sion and strategic repositioning had stabilized. The predicted
result of our model in 2021 Q1 accurately reflects the stabi-
lization of Company A’s RPT. By capturing that Company
A was transitioning into a more central role, RPATGN could
accurately predict its new, stable set of RPTs with other ma-
jor companies in 2021. It dynamically models the change
in the company’s functional influence by observing its in-
teractions with nodes of different structural roles. This case
vividly demonstrates RPATGN’s capacity in identifying sig-
nificant links and predicting the evolution of RPT network,
which could provide a powerful tool for forward-looking
regulatory analysis in a complex and dynamic financial con-
text. More details are provided in the supplementary files.

Related Works
Graph Learning for Temporal Networks
Many real-world applications involve dynamic graphs where
both structure and inputs change over time. Spatio-temporal

Graph Neural Networks are crucial for capturing this dy-
namism (Cheng et al. 2020a; Xiang et al. 2023; Zhu et al.
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2025). They integrate graph convolution for spatial depen-
dencies and use RNNs or CNNs for temporal dependencies
(Yu, Yin, and Zhu 2017; Yan, Xiong, and Lin 2018; You, Du,
and Leskovec 2022). Building upon this, recent works in-
corporate additional techniques like hyperbolic graph neural
network (Yang et al. 2021; Bai et al. 2023), causal inference
(Hu et al. 2023; Zhao and Zhang 2024), graph heterogeneity
(Jiang et al. 2023; Zhou et al. 2023), motif-based learning
(Liu and Sariyiice 2023; Zhang et al. 2023), topological data
analysis (Shamsi et al. 2024), etc. While effective at captur-
ing temporal evolution, these methods fundamentally lack
role-perceptual capabilities. It renders them unable to model
either the collective behaviors of same-role nodes or the con-
ditional logic of interactions between different roles.

Role-based Representation Learning

Intuitively, roles represent the main node-level connectiv-
ity patterns within their neighborhoods (Rossi and Ahmed
2014). Role-based representation learning methods have
been proposed to capture structural similarity, demonstrating
that structural roles can enhance the quality of node embed-
dings (Ahmed et al. 2020; Zhang et al. 2021; Sankar et al.
2022; Cheng et al. 2023). RMNE (Zhang and Kou 2022)
further extends role-based random walk methods to multi-
plex networks. Recently, (Lee et al. 2024) found that global
structural features can be extracted using the node roles.
RTGCN (Du et al. 2024) leverages structural role informa-
tion on temporal graphs to capture graph evolving patterns.
Howeyver, these methods treat roles either as static attributes
or auxiliary features by bridging structurally similar nodes.
They apply unified operations for information aggregation
and evolution to functionally distinct roles, thus failing to
differentially model diverse interactions.

In contrast, we integrate role-based patterns and adopt
customized aggregation strategies, where message passing
is dynamically conditioned on the structural roles. The dual
focus on role-specific aggregation and dynamic adaptation
allows for a more nuanced modeling of node functions and
enhances the overall perception of the complex network.

Conclusion

In this paper, we uncover the core-periphery structure in
RPT networks and analyze the structural role patterns. We
validate the impact of different structural roles on the ag-
gregation and propagation of node information. Based on
the insights, we propose the RPATGN, which tailors mes-
sage passing strategies for different structural roles, enhanc-
ing the perception of both local and global graph structures.
By integrating a temporal contextual attention mechanism
and variational recurrent graph neural networks, our model
strengthens the ability to capture role transition and graph
dynamics. This enables accurate identification of potential
RPT behaviors in complex and dynamic financial data sce-
narios. Extensive experiments demonstrate the effectiveness
of RPATGN. The work provides a powerful tool for proac-
tive financial supervision and helps to formulate regulatory
policies and risk prevention strategies. It has positive practi-
cal significance and value for the financial system and con-
tributes to a more stable and transparent financial market.
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