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Abstract

Financial institutions are required by regulation to report suspicious financial transactions related to money
laundering. Therefore, they need to constantly monitor vast amounts of incoming and outgoing transactions.
Given the involvement of many parties in money laundering, graph analytics is vital for effective monitoring.
A particular challenge in detecting money laundering is that money launderers continuously adapt their
tactics to evade detection. Hence, detection methods need constant fine-tuning. Traditional machine learning
models suffer from catastrophic forgetting when fine-tuning the model on new data, thereby limiting their
effectiveness in dynamic environments. Continual learning addresses this issue and enhances current
anti-money laundering (AML) practices, by allowing models to incorporate new information while retaining
prior knowledge. Research on continual graph learning for AML, however, is still scarce. In this review, we
critically evaluate state-of-the-art continual graph learning approaches for AML applications. We categorise
methods into replay-based, regularization-based, and architecture-based strategies within the graph neural
network (GNN) framework, and we provide in-depth experimental evaluations on both synthetic and
real-world AML datasets that showcase the effect of the different hyperparameters. Our analysis
demonstrates that continual learning improves model adaptability and robustness in the face of extreme class
imbalances and evolving fraud patterns. Finally, we outline key challenges and propose directions for future
research.
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Figure: Pipeline of the comprehensive experiments on continual graph learning for anti-money laundering.



1 Introduction

Criminal enterprise activities generate income streams that cannot be directly used because of their illegal
origins. Therefore, criminals launder money to make illicitly obtained funds appear legitimate (Levi and
Reuter, 2006). The United Nations Office on Drugs and Crime (UNOCD) has estimated that an amount
equal to about 2% to 5% of global GDP is laundered each year, amounting to USD 2 trillion. This money is
used to expand criminal activity and to finance terrorism (Levi and Reuter, 2006), resulting in enormous
socioeconomic pressure.

Generally, money laundering approaches involve three main steps (United Nations Office on Drugs and
Crime (UNOCD); Levi and Reuter, 2006). During placement, illegal money enters the financial system,
often in jurisdictions where regulation and enforcement are less strict. Layering involves mixing the illegal
funds with legitimately obtained money across multiple transactions. This obscures the initial source of the
money, making it harder to uncover its illegal origin. At integration, the money is spent on legitimate
purchases. After completing this final step, the money is successfully laundered. Actual money laundering
approaches may also include fewer or more steps.

The framework given above illustrates that money laundering involves many payments over multiple
accounts, warranting the use of network analytics (Pramanik et al., 2017). Despite the strong case and
the long history of the field, anti-money laundering (AML) has been receiving limited attention in research
compared to other forms of financial fraud (Ngai et al., 2011; Kurshan and Shen, 2020). In recent literature
reviews, a limited number of papers on anti-money laundering are discussed, and even fewer on network
analytics for AML. A first aim of this work is to extend the application of machine learning and network
analytics in AML.

A popular way of adopting network analytics is via graph neural networks (GNNs). GNNs are able to
detect fraudulent behaviour by learning complex, non-linear patterns in network data (Motie and Raahemi,
2024), and have shown promising results for fighting financial crime (Motie and Raahemi, 2024) with adoption
in credit card fraud detection (Van Belle et al., 2020; Van Belle et al., 2022; Van Belle and De Weerdt, 2024),
insurance fraud detection (Oskarsdéttir et al., 2022; Deprez et al., 2024b), and anti-money laundering (Deprez
et al., 2024a).

Financial networks and fraud characteristics evolve rapidly over time, necessitating the fine-tuning of
these GNNs when new data comes in. This fine-tuning can cause the model to suffer from catastrophic
forgetting (French, 1999; Carta et al., 2021; De Lange et al., 2022), where learning sequentially on new data
while discarding old data leads to significant performance loss on earlier observations.

Continual learning, also known as incremental learning or lifelong learning, aims to mitigate the problem
of catastrophic forgetting (Goodfellow et al., 2015). Research in this field typically aims to adapt regular deep
learning methods or develop new methods that are able to accumulate and consolidate knowledge. One of
the key assumptions that underlie continual learning, is that data is no longer (fully) accessible after models

have been trained.



Continual learning is key for effective and dynamic AML. Financial institutions often face enormous
transaction volumes that require continuous monitoring. However, they face computational constraints when
implementing AML methods in practice. First, there is limited computing power and budget to update
AML models, making periodical retraining from scratch impractical. Second, there are regulatory constraints
on how much data can be stored and for how long. Finally, money laundering methods, as for other types
of fraud, are evolving constantly (Baesens et al., 2015; Van Vlasselaer et al., 2015), so the distribution of
illegitimate transactions changes over time. However, when training to detect these new tactics, models
should be able to retain knowledge about old ones, in case these are used again. Otherwise, fraudsters could
just rotate between tactics to evade detection.

Continual learning performs well under these constraints. First, it fine-tunes existing models, so limited
additional training is required. Second, fine-tuning can be done using only the most recent data, so there is
no need to store all historical data indefinitely. Finally, continual learning is specifically designed to retain
previous knowledge when learning from new data, so older modi operandi should still be detected.

Another concern when developing AML models concerns their stability and robustness, whereby small
variations in data and hyperparameters should not lead to significantly different outcomes. A lack of stability
leads to a loss in the credibility and trustworthiness of the model. Continual learning incorporates model
stability by design, where fine-tuning of the models is constrained to avoid catastrophic forgetting and to
achieve a balance in the stability-plasticity trade-off.

Despite all this, research on continual graph learning for AML is rare. Furthermore, current experiments
and benchmarks in literature lack an in-depth discussion on the effect of the many choices underlying the
applied continual learning framework. These studies are also often limited to simple tasks, without the
extreme class imbalance and label obfuscation as typically present in AML and other fraud detection problems.

Therefore, this work sets out to answer the following research questions:
RQ1 What is the current state of the literature on continual graph learning for anti-money laundering?

RQ2 What is the impact of the hyperparameters of the GNN and continual learning methods on performance
and forgetting?

RQ3 Which methods are best suited to overcome catastrophic forgetting for anti-money laundering?

To answer these questions, we conduct an in-depth literature review, summarising the current research
on AML, continual learning for financial fraud detection, and previous work on the effect of the involved
hyperparameters. This literature review is complemented by an extensive experimental study to analyse the
performance and forgetting of AML network methods on two open-source datasets. The contributions of our

work are, hence, as follows:

e We present an in-depth review of the current state-of-the-art in continual graph learning for anti-money

laundering;



e We introduce and investigate the implications of continual graph learning on anti-money laundering, for

edge as well as node classification;

e We present the result of extensive experiments on two open-source AML datasets and analyse the effects

of various choices on performance.

The code of the presented experiments is publicly available on github' to facilitate peer researchers and
practitioners to replicate and extend the reported results.

The remainder of this paper is organised as follows. Preliminary theory on graphs, graph neural networks
and continual learning is discussed in Section 2. A literature review is presented in Section 3. Section 4
presents the experimental methodology, with results and discussion provided in Section 5. Section 6 concludes

this work and presents directions for future research.

2 Preliminaries

2.1 Graphs

A graph G(V, E) is defined via two sets, V and E. The elements of set V' = {vy,...,v,} represent the nodes
in the graph, while set £ C V x V represents the edges that connect the nodes. An edge between node 7 and
J is denoted as e;;. In this work, we consider homogeneous networks. It is assumed that nodes are assigned a

vector x; € R™ with feature values. The matrix containing all feature vectors is denoted by X € R™*™,

2.2 Graph Neural Networks

The initial idea of deep learning on graphs was introduced by Scarselli et al. (2005) and Scarselli et al. (2008),
based on message passing. The idea of message passing is still present in GNNs, where a node’s representation
is updated iteratively based on the node’s neighbours.

Formally, given a graph G(V, E), graph neural networks (GNNs) construct the representation of node i at
layer [, denoted by hgl), as

R el VI Sy T (TN S R (1)
J

where ¢®, and ¥ are layer-dependent functions, and /Lj is the normalized adjacency matrix, including
self-loops. Most of the time, the initial embedding is set equal to the node features, hgo) = x;.

The most widely adopted graph neural networks are Graph Convolutional Networks (GCN) (Kipf and
Welling, 2017), Graph SAmple and aggreGatE (GraphSAGE) (Hamilton et al., 2017), Graph ATtention
network (GAT) (Velickovié et al., 2018) and Graph Isomorphism Networks (GIN) (Xu et al., 2019). GCNs
introduced by Kipf and Welling (2017) aggregate neighbourhood information based on convolutions. Hamilton
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et al. (2017) extends on this idea by introducing GraphSAGE resulting into an inductive method. Velickovié
et al. (2018) introduces attention mechanisms using GAT, allowing the distinction between important
and less important neighbours in the network. Finally, Xu et al. (2019) introduced GIN, relying on the

Weisfeiler-Lehman graph isomorphism test to come to a more versatile version of GNNs.

2.3 Continual Learning

In continual learning, a model needs to sequentially learn disjoint tasks 7 = {T1,..., Tk} (Kirkpatrick et al.,
2017; Abulaish et al., 2024). Specific observations are provided with each task 7;, while access to data
of previous tasks is often limited or even prohibited. Each task has its corresponding feature set X;, and
task-specific label y; € );, with label set V; = {y!,... 3%}, where ¢; represents the number of classes in
task 7;. Sometimes, a specific assumption is made that task data is provided as (X,Y,D¢) with D¢ the
underlying distribution, also called context set (De Lange et al., 2022).

Depending on the available information and the format of the tasks provided, four different continual
learning settings are discerned, i.e., task-incremental, domain-incremental, class-incremental and time-
incremental learning (van de Ven et al., 2022; Ko et al., 2024). The first three are well-established in continual
learning (van de Ven et al., 2022). Task-incremental learning consists of a sequence of distinct tasks to be
learned, where the model knows which task is currently presented, even at test time. Domain-incremental
learning describes the scenario in which the problem is the same, but the distribution of the tasks shifts.
Here, no information about the task is provided at test time. In class-incremental learning, a growing
number of classes are provided with each new task, but no task information is provided. Hence, the methods
should also be able to learn to distinguish the current task that is provided. Time-incremental learning
encompasses problems where data is provided in streaming format, and where the distribution might shift
over time. Some work considers this to be a separate setting (Ko et al., 2024), while it can also be seen as a
specific case of domain-IL.

To mitigate catastrophic forgetting, different methods have been developed, broadly classified into three
categories, i.e., replay, regularisation-based and parameter isolation (De Lange et al., 2022). Replay methods
preserve some historical observation - either real or synthetic - to revisit when training on new tasks.
Regularization-based methods use heuristics to determine the important weights in the neural network
and to penalize changing these weights more when learning new tasks. Finally, parameter isolation, also
referred to as architecture-based, reserves specific weights to be updated on specific tasks. This can be done
by freezing part of the network, or extending the neural network for new tasks.

Specific evaluation metrics are used to evaluate continual learning methods. The most widely used are
average accuracy, average forgetting and forward transfer (Ko et al., 2024; Abulaish et al., 2024). These
evaluate the performance after learning all tasks. Average accuracy is the average of accuracy over the
tasks. Average forgetting, on the other hand, assesses the degradation of accuracy over the tasks by

comparing the accuracy of a task after training on that tasks to the accuracy after learning on all tasks.



Negative forgetting is sometimes also called backward transfer. Forward transfer, also called zero-shot
learning, is the increase in accuracy when using the model trained on previous tasks, compared to random

initialization (Lopez-Paz and Ranzato, 2017; Abulaish et al., 2024).

2.4 Continual Graph Learning

When using network data, additional considerations come into play for continual graph learning, since
observations over different tasks may be connected in the network. As a result, information from previous
tasks can still be leveraged when training the current tasks due to these inter-task connections. The amount
of information propagated can be significant since real-world networks often exhibit the ‘small world’ property,
meaning that any two nodes mostly have short shortest paths between them (Zhang et al., 2022).

Suppose a classification problem where each node is part of only one task (Ko et al., 2024). The inter-task
connections often fall within one of two categories, as visualised in Figure 1. The first category is where each
task consists of an independent network with no links to nodes in previous tasks (Li et al., 2022b; Ko et al.,
2024), so no inter-task connections are present. This can occur for two reasons. First, there are tasks which
inherently do not have inter-task connections. This is often the case in graph classification (Carta et al.,
2021), but also occurs when every sample in a task is a separate network. Second, separate tasks can also
occur by design, where additional restrictions are put on the network by removing inter-task connections.

The second category of interaction is more prevalent, and involves a network that grows over time (Wang
et al., 2020; Zhang et al., 2024b; Febrinanto et al., 2023; Yuan et al., 2023; Zhang et al., 2022; Zhou and Cao,
2021; Tian et al., 2024). With each new task, new nodes are added to the network. Some nodes in the new
task have connections to nodes of previous tasks. This can help alleviate catastrophic forgetting. This also
means that special care is needed if we assume that not all data is available from previous tasks. Overly
optimistic results can be obtained in experimental set-ups when retaining all connections in the network.

In this work, we also evaluate a continual learning setting where the network is fixed, but where the labels
change over time, as shown in Figure 2. Here, the nodes are shared across tasks. This corresponds closely to
real-life AML settings, where clients are monitored continuously. A banking client might start laundering

money after holding an account at the bank for a couple of years.

3 Literature Review

In the past years, deep representation learning has gained increased adoption for AML, although remaining
under-explored (Deprez et al., 2024a). In the same vein, the field of continual learning is mature, but less
attention has been given to continual graph learning (Zhang et al., 2022; Ko et al., 2024). To answer RQ1,
this section provides an overview of the literature, with supporting summaries on the classification of the
most prominent methods (Table 1), whether the paper discusses fraud detection or network analytics with

related backbones (Table 2), and the continual learning methods applied (Table 3).
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Figure 1: Two assumptions in continual graph learning for node-based learning. Either a separate network is

provided for each task (a), or the network grows over time (b).
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Figure 2: Visualisation of edge-based continual learning, where the network stays fixed, but the edge labels

gradually become known.



3.1 Anti-Money Laundering

Anti-money laundering research has a relatively long history, and became an area of interest after the Bank
Secrecy Act was passed in the USA (Welling, 1989). The importance of the research field increased after the
9/11 terror attacks with the introduction of the USA PATRIOT Act.

Since regulations include pre-defined thresholds above which transactions should be reported, many
institutions still rely on rule-based and expert-based systems (Senator et al., 1995; Oztas et al., 2024; Bolton
and Hand, 2002; Jensen and Iosifidis, 2023). Although these rules offer transparency in decision-making (Zhu
and Hu, 2013), they become cumbersome and costly to maintain and update (Van Belle et al., 2023).
Additionally, once these rules are known, they may easily be circumvented (Jensen and losifidis, 2023).
Therefore, machine learning has been introduced to AML since it captures more complex laundering patterns
and scales better to very large transaction datasets (Chen et al., 2018; Jensen and Iosifidis, 2023).

More than for other financial fraud cases—where money is drained as quickly as possible from a victims
bank account—money launderers try to hide their activities, making money laundering a long-term process.
To that end, individual transactions are made to appear as normal as possible. Therefore, research is focussing
more on uncovering money laundering using the flow of money, i.e., the combination of transactions across
multiple accounts (Zhou et al., 2017; Li et al., 2020; Tariq and Hassani, 2025).

This has resulted in a strong case for the application of network analytics in AML (Deprez et al., 2024a),
with one of the first paper by Senator et al. (1995), who used the visualisation of links among people,
businesses, accounts and locations, and combined it with heuristics to uncover interesting new leads. Recent
work indicates that network-based methods hold a lot of potential for AML (Kurshan and Shen, 2020; Gao
and Ye, 2007).

Previous literature tackles AML from various different angle, such as unsupervised learning, anomaly
detection and supervised learning. Although a popular approach, unsupervised learning on networks is often
limited to role definition in criminal networks based on neighbourhood and centrality metrics (Fronzetti
Colladon and Remondi, 2017; Drezewski et al., 2015; Ovelgonne et al., 2012) or on the aggregation of local
(node-specific) information (Zhdanova et al., 2014). However, recent studies try to uncover suspicious streams
of money (Zhou et al., 2017; Li et al., 2020; Phetsouvanh et al., 2018; Tariq and Hassani, 2025).

Anomaly detection methods are less popular in AML. Due to obfuscation tactics, money laundering trans-
actions are not easily picked up as anomalies, resulting in weak results, especially for real-life datasets (Lorenz
et al., 2021; Deprez et al., 2024a).

In the case of supervised learning, a major part of the literature applies Graph Neural Networks (GNNs)
since GNNs can combine topological as well as feature information to capture more complex network patterns.

These are discussed in the next section.



3.2 Graph Neural Networks for Anti-Money Laundering

Alarab et al. (2020) present experiments with a GCN (Kipf and Welling, 2017) to construct meaningful
network embeddings for AML. Cases are classified by combining the embedding with original transaction
features. Lo et al. (2023) introduced inspection-L, which applies a GIN (Xu et al., 2019) and uses Deep
graph infomax to find predictive node embeddings by comparing the embeddings of the real network to that
of a corrupted network. The application of GNNs is extended by Jin et al. (2022). First, a heterogeneous
interaction network is constructed to extract additional features. Then, the authors apply GCN (Kipf and
Welling, 2017), GraphSAGE (Hamilton et al., 2017) and GIN (Xu et al., 2019) on the homogeneous network
to arrive at network embeddings augmented with the features from the heterogeneous network, so as to
obtain the final predictions.

As money laundering typically occurs over a longer period of time, research has also aimed at extending
GNNSs to a spatio-temporal setting. This is often done by constructing embeddings on snapshots that are fed
into a deep learning method for time series analysis. The work by (Xia et al., 2022) feeds the embeddings
coming from a GCN (Kipf and Welling, 2017) to an LSTM, while (Zhang et al., 2021) applies a transformer
model to the embedding vectors of the different snapshots.

Furthermore, GNNs have been used for AML anomaly detection. Cardoso et al. (2022) use GAT (Velickovi¢
et al., 2018) for link prediction between nodes in the network. These predictions are compared to the real

links in the network, leading to anomaly scores that indicate suspicious transactions.

3.3 Continual (Graph) Learning Methods

When training (graph) neural networks in the classic way, it is assumed that the data is identically distributed,
often with the possibility to shuffle it before using it to train the model (Parisi et al., 2019). However,
this is not the case in many real-life applications, where data becomes available in streams over time. An
added difficulty arises when there is also a distributional shift in the tasks to learn. This can lead to
catastrophic forgetting (French, 1999; McCloskey and Cohen, 1989; Goodfellow et al., 2015), where updating
the model with new information leads to interference with earlier-acquired knowledge. The trade-off between
the ability to retain old knowledge while also processing new information is called the stability-plasticity
dilemma (De Lange et al., 2022; Zhou et al., 2024; Wang et al., 2024).

Continual learning, which was introduced to mitigate catastrophic forgetting, has mostly been applied for
image classification (Lian et al., 2024). One starts with a couple of images to classify, e.g., cat versus dog.
The classes are then extended where the model also needs to be able to distinguish between, e.g., cars and
planes. When learning this second task, the model should retain its ability to distinguish between cats and
dogs.

Given the origin of the field, many of the proposed methods are evaluated on image classification (Rebuffi

et al., 2017; Lopez-Paz and Ranzato, 2017; Kirkpatrick et al., 2017; Zenke et al., 2017; Li and Hoiem,
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2018; Mallya and Lazebnik, 2018; Liu et al., 2023; De Lange et al., 2022). The most frequently used
datasets are MNIST, CIFAR100 and ImageNet, and these also serve as the main datasets in benchmarking
studies (De Lange et al., 2022; Carta et al., 2021; van de Ven et al., 2022; Zhou et al., 2024).

Continual learning methods are classified in three categories, i.e., replay, regularisation-based and
architecture-based (De Lange et al., 2022; Lian et al., 2024; Tian et al., 2024), whereas hybrid meth-
ods also exist. A summary is given in Table 1, based on the classifications given by De Lange et al. (2022)
and Tian et al. (2024).

Replay methods rely on a memory buffer for retaining a subset of data from previous tasks, called
exemplars. These methods assume that resources are available to store previous data. Replay emerged in
reinforcement learning (Rolnick et al., 2019), where past transitions are replayed for better learning on a
single task, while replay in continual learning is used to retain information across tasks. Care should be taken
when adopting such methods with regards to regulation. Due to privacy concerns, not all data is allowed to
be stored indefinitely. Additionally, it is possible that these methods overfit on the few exemplars that are
kept in memory (Wang et al., 2020).

Pure replay methods only specify a buffer size B, and randomly assign B/k observations from the current
task to be replayed during new tasks. This random selection is also applied by GEM (Lopez-Paz and Ranzato,
2017) to select their exemplar set. iCarl (Rebuffi et al., 2017), on the other hand, uses smart allocation by
selecting exemplars that best preserve the average feature vector of that task.

Another replay strategy, called pseudo-rehearsal, is applied by Li and Hoiem (2018) for their method
Learning without Forgetting (LwF) in a task-IL setting. The authors assume that each task has its own
output head. As data on previous tasks is not available, LwF takes the data of the current task, and makes
predictions for the output heads of the previous tasks as well. This gives a new ‘ground truth’ for previous
tasks, to which output is compared to during training, to keep the output on previous tasks stable.

Replay methods have also been extended to graph learning. Zhou and Cao (2021) use the mean of features
of selecting exemplars, and extend it for graph data by selecting exemplars based on the mean embedding,
based on coverage maximisation and based on influence maximisation. Wang et al. (2020) employ a two-step
sampling approach where first the network is divided into clusters, after which nodes are selected within each
cluster based on an importance metric.

Liu et al. (2023) proposes CaT for class-IL. CaT selects a subset of nodes randomly, and uses a structure-
free graph condensation method (Zheng et al., 2023) to align the mean of latent features in the subset of
nodes by training the input node features as weights.

Regularisation-based methods limit the updates to weights in the (graph) neural network. Determining
which weights can change and by how much leads to a trade-off between the stability and plasticity of the
model (Parisi et al., 2019).

Regularisation-based methods often capture which weights are important for previous tasks, and limit how

much these can be changed. This is done by introducing additional terms in the loss function. EWC (Kirk-
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Table 1: Classification of the main continual learning methods.
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patrick et al., 2017) uses the elements in the Fisher information matrix to express which weights were
important for previous tasks. As mentioned by Zenke et al. (2017), EWC only makes point estimates of the
importance using the diagonal elements of the Fisher information matrix. They put forward SI (Zenke et al.,
2017), where the importance of the weights are continuously calculated throughout the training process.

MAS (Aljundi et al., 2018) on the other hand, is based on the gradient of the squared lo-norm of the
learning function output, making it applicable to unlabelled data as well. Simplifications of the importance
calculations are given in case all layers use a ReLU activation function.

Regularisation can also be approached by altering the gradient before updating the weights. Using the
exemplars in GEM, Lopez-Paz and Ranzato (2017) use orthogonal projection of the gradient on the span of
the gradients of the previous tasks. The authors claim that this does not increase the loss on older tasks
when updating the weights for the new task.

Liu et al. (2021) extends regularisation to network data with TWP. Two importance scores are included,
i.e., a task-related one similar to EWC and a topology-related one based on the attention mechanism in
graph attention networks (GAT) (Velickovié et al., 2018). Similarly, to mitigate the problem of overfitting on
the exemplars, Wang et al. (2020) applies the same idea of EWC to GNNs. The authors use the diagonal
elements of the Fisher information matrix to regularize the updates of important weights in the GNN.

Architecture-based methods, as their name suggests, alter the architecture of the (graph) neural
network based on the tasks to avoid interference between tasks. Specific parameters can be isolated to be
fine-tuned, or the architecture itself can be extended for new classes, e.g., have separate output heads for
each task (Li and Hoiem, 2018). Here, knowledge of the current task must be provided. Some methods also
assume that the total number of tasks is known upfront. This limits their adoption in practice.

van de Ven et al. (2022) mention the use of entirely separate output layers or networks to learn each task.
In the task-IL setting, Li and Hoiem (2018) initializes a new output layer for each new task. Other methods
include the usage of gating. XdG (Masse et al., 2018) introduced a context-dependent gating signal, to have
sparsely connecting, mostly non-overlapping parts of the network trained on the different tasks.

Similar to gating, PackNet (Mallya and Lazebnik, 2018) and piggyback (Mallya et al., 2018) apply
task-specific masks to set some weights in the neural network equal to 0. When learning a task, Mallya and
Lazebnik (2018) train the network and then prune it. The remaining weights are then fine-tuned in a second,
shorter training round. These weights are fixed and the pruned weights are made available for the next task.
The main drawback is that less capacity is available for training on the next task, meaning that PackNet
can only learn a limited number of tasks. This is mitigated in the work by Mallya et al. (2018). Here, the
network weights are fixed and the task-specific masks are learned. The authors use gradient-based learning
to obtain real-valued masks, which are then converted to binary masks using a fixed threshold. The main
drawback here, next to the need to know which task is considered, is that piggyback requires a pre-trained
network. The performance of piggyback is highly dependent on this pre-training step (Mallya et al., 2018),

and this might even not be available depending on the application.

13



Paper Graph Data Fraud GCN GraphSAGE GAT GIN

Ko et al. (2024) v v
Zhang et al. (2022) v v

Zhou et al. (2024)

De Lange et al. (2022)

Febrinanto et al. (2023) v v v v v
Zhang et al. (2024b) v

Wei et al. (2024b) v v

Wang et al. (2020) v v v

Hemati et al. (2022) v

Li et al. (2022b) v v v

van de Ven et al. (2022)

Carta et al. (2021) v

Zhou and Cao (2021) v v
Lebichot et al. (2024) v

Perini et al. (2022) v v v

Zhang et al. (2024a) v v v v

Cha and Cho (2025)

Galke et al. (2023) v v v

Tian et al. (2024) v v

Liu et al. (2023) v v

Table 2: Summary of the main literature in continual (graph) learning, representing if the paper uses graph

or fraud data and which backbone is used.

We see in Table 3 that the method that is most often used or compared against in the literature is
EWC (Kirkpatrick et al., 2017), followed by naive replay, GEM (Lopez-Paz and Ranzato, 2017) and ER-~
GNN (Zhou and Cao, 2021). The relative popularity of replay methods is also apparent from Table 1 where
six of the 14 methods integrate some form of replay in their approach. This might be the case because even
simple replay methods often outperform other CL methods Wei et al. (2024a, 2025). Apart from replay, seven
methods rely specifically on regularisation through importance measurement. This is often based on the
Fisher information matrix (Kirkpatrick et al., 2017; Liu et al., 2021; Wang et al., 2020). In the next section,

we summarise the application of these continual learning methods for financial fraud detection.

3.4 Continual Learning in Financial Fraud

When implementing fraud detection in practice, the methods need to continuously monitor millions of transac-
tions, which results in three main challenges. The first is that, given that fraud is evolving constantly (Baesens
et al., 2015; Van Vlasselaer et al., 2015), models should be updated to capture novel modi operandi. The
second is constraints on computational resources. The large volume of transactions make retraining the model
from scratch not always feasible given limited time and resources. The third challenge comes from the desire
to retain knowledge on previously applied fraud tactics, because launderers could otherwise revert back to an
older modus operandi to avoid detection. However, when fine-tuning the models, this information is lost if
these tactics were not applied in the latest available data, resulting in catastrophic forgetting (French, 1999;
McCloskey and Cohen, 1989; Goodfellow et al., 2015).

Although continual learning can be used to mitigate these challenges, research on the adoption of continual

learning for fraud detection is scarce (Lian et al., 2024). Research on continual learning is mostly concerned
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with image recognition (Lian et al., 2024). Few studies present fraud detection as the core problem (Hemati
et al., 2022; Zhang et al., 2024a; Lebichot et al., 2024; Li et al., 2022b). It often only appears as one of many
datasets to which continual learning methods are applied (Wang et al., 2020; Perini et al., 2022; Ko et al.,
2024; Tian et al., 2024).

Lebichot et al. (2024) were among the first to quantify catastrophic forgetting for credit card fraud
detection. They tested different replay strategies and EWC against fine-tuning the model. In their case,
fine-tuning the model on new data seemed to be best at avoiding forgetting.

Hemati et al. (2022) applied three strategies, sequential fine-tuning, EWC, and experience replay, for
auditing financial payment records. They trained auto-encoders for anomaly detection and demonstrated
that continual learning has the ability to detect distributional shifts.

Zhang et al. (2024a) introduced and applied a new method, called POCL, to medical insurance fraud
detection. It is a three-step approach where a GNN is pre-trained to arrive at meaningful embeddings that
separate fraudulent and non-fraudulent cases. After pre-training, the detection model is trained first on
historical data. For the third step, the authors rely on Temporal MAS to update the weights of their GNN
during the online learning step.

Li et al. (2022b) extended continual graph learning to a case study on heterogeneous networks by introducing
HTG-CFD. They apply replay and regularisation-based methods, where prototypes are constructed using
the average attribute, and regularisation is done using Fisher information, inspired by EWC. HTG-CFD is
constructed to transfer the fraud detection model across different regions to detect fraudulent transactions in
a trade network.

Continual GNN (Wang et al., 2020) is developed for streaming graphs to uncover new patterns over time.
The authors have tested their method on the Elliptic dataset. Although Continual GNN did not perform
best, the method has competitive performance. The main strength of this method is the strong reduction in

training time compared to fully retraining the GNN with new data.

3.5 Benchmarks and Evaluation in Continual (Graph) Learning

Next to performance of continual graph learning for detecting financial fraud and anti-money laundering,
we are also interested in the stability of these methods and the influence of choices in the experimental
set-ups. As can be seen in Table 3, most studies mentioned above only compare a limited number of methods.
Therefore, in this section, we analyse general continual learning benchmarks to evaluate the effectiveness of
these methods.

De Lange et al. (2022) are among the first to do an extensive benchmark study. While focusing only on
task-incremental learning in classic continual learning, they implement a comprehensive benchmark in terms
of methods tested, but these were tested on only three datasets, and all involve image classification. They
conclude that architecture-based methods, particularly PackNet (Mallya and Lazebnik, 2018), perform best,

closely followed by memory replay. However, compared to memory replay, architecture-based methods do not
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suffer from privacy issues, since they do not require storing raw data.

As part of the introduction of their new two-step hyperparameter tuning framework, Cha and Cho (2025)
also tested a number of continual learning methods on three image classification datasets. They report
mixed results across the datasets. The best performing model is architecture-based (DER (Yan et al., 2021),
which is specifically introduced for class-IL), although the replay models perform better than the other
architecture-based models. However, their main conclusion is that many methods are very sensitive to
hyperparameter settings and tend to overfit the data they are tuned on.

One of the first benchmark studies for continual graph learning was presented by Carta et al. (2021). This
study only considers graph classification, so no tests are done at node level. It is presented as an introductory
benchmark experiment and it is quite limited in its scope. It involves three datasets and three continual
learning strategies. These are naive replay, EWC (Kirkpatrick et al., 2017) and LwF (Li and Hoiem, 2018).
Although the paper is meant to be a benchmark on networks, no strategies that were specifically developed
for networks were tested.

Two other notable benchmark studies for continual graph learning are Continual Graph Learning Bench-
mark (CGLB) by Zhang et al. (2022) and Benchmarking Graph Continual Learning (BeGin) by Ko et al.
(2024). Both provide the full code suite to facilitate reproduction. The initial methods compared by Zhang
et al. (2022) are EWC (Kirkpatrick et al., 2017), MAS (Aljundi et al., 2018), GEM (Lopez-Paz and Ranzato,
2017), TWP (Liu et al., 2021), LwF (Li and Hoiem, 2018) and ER-GNN (Zhou and Cao, 2021). CGLB splits
continual graph learning in task-IL and class-IL, and provide experiments for node-level and graph-level
predictions. Zhang et al. (2022) showed that the regularisation-based methods (EWC, MAS, and TWP) have
strong performance in the task-IL setting. In the class-IL setting, replay (ER-GNN) appears to perform best.
The class-IL setting has more tasks and uses multi-class classification, which is more complex than in task-IL.

BeGin implements a more extensive benchmark (Ko et al., 2024). They make a fine-grained distinction
between incremental settings, by considering task-IL, class-IL, domain-IL and time-IL. These settings are also
introduced for link-level predictions, on top of the earlier introduced node-level and graph-level predictions.
The continual learning methods are also extended. On top of the methods compared under CGLB, BeGin
includes PackNet (Mallya and Lazebnik, 2018), Piggyback (Mallya et al., 2018), HAT (Serra et al., 2018),
CaT (Liu et al., 2023), PI-GNN (Zhang et al., 2023) and CGNN (Wang et al., 2020). Similar to CGLB,
regularisation-based methods perform well for task-I1L, while GEM (replay) is one of the single methods
performing well on class-IL and domain-IL. This is a confirmation that replay gives better results for more
complex settings.

Both benchmarks analyse the performance of a range of methods, but pay less attention to the impact of
the hyperparameters. One of the main shortcomings of both CGLB and BeGin is that all experiments are

done only with GCN (Kipf and Welling, 2017) as backbone GNN.

17



3.6 Sensitivity to Hyperparameters

Underlying every model is a suite of hyperparameter choices that impact model performance. These are often
only briefly mentioned under hyperparameter tuning, or in the best case, papers apply limited parameter
sensitivity tests. An overarching study was done by Cha and Cho (2025). They introduced a two-step
hyperparameter tuning protocol. The authors indicate that tuning and evaluation on the same dataset is
restricted in real-world applications. However, their study still only shows performance on the final set of
hyperparameters, excluding the performance of other combinations, and they only report average accuracy,
without considering the extend of forgetting. In this work, we make the effect of hyperparameters explicit.

A key choice is the backbone GNN model. Overall, Table 2 shows no preference of one backbone over
another. However, when dealing with fraud data, it seems that authors often opt for GraphSAGE or GAT.
Most continual graph learning methods are constructed to be backbone agnostic. One notable exception is
TWP (Liu et al., 2021), which is specifically developed with GAT in mind. However, the authors provide
proxies in case no attention mechanism is present.

The architecture of the backbone GNN itself - both in terms of depth and width of the hidden layers -
is also important since it influences the learning capacity and the length of transaction chains that can be
captured. However, the specific impact of these choices have not been given much attention in literature.
Studies on general continual learning by De Lange et al. (2022) and Mirzadeh et al. (2022) demonstrated
that wide and shallow models generally perform better. However, when moving to continual graph learning,
Wei et al. (2024a) demonstrated that for skeleton-based action recognition this does not always hold.

Another import choice, next to the backbone, is the task definition. When considering human learning,
it is hypothesized that the order of tasks is important for continual learning. Curriculum Learning, coined
by Bengio et al. (2009), determines that knowledge can be optimally acquired if tasks are learned in ascending
order of difficulty.

Previous work has performed task-order sensitivity analysis in continual learning. De Lange et al. (2022)
corroborated earlier work of Nguyen et al. (2019) by showing that, in a general continual learning setting,
methods exhibit order-agnostic behaviour. The authors test different setups, including an easy to hard, a
hard to easy, and a random ordering of tasks.

The work by Mallya and Lazebnik (2018), on the other hand, showed that for their method PackNet, the
order does matter. They found that learning tasks from hardest to easiest actually gave better results. We
cannot generalise this finding, however, since this is method-specific. One explanation for this deviation is
that the capacity of PackNet to incorporate novel information drops as the available free parameters decrease
with each task.

In the field of continual graph learning, Zhao et al. (2024) introduced a randomly generated class
appearance order to simulate the random class emergence in real world for multi-label continual graph
learning. Wei et al. (2024a) focused on evaluating the task-order and class-order sensitivity in the context of

continual graph learning for skeleton-based action recognition. The authors show that task-order robustness
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Figure 3: Visualisation of the experiment’s pipeline and the hyperparameter choices for evaluation.

does not necessarily imply class-order robustness.

4 Methodology

To answer the research questions, we set up a pipeline in which we vary the different hyperparameters (RQ2),
including the architecture of the GNN and the continual learning methods (RQ3) to study their effect on
performance and forgetting. Figure 3 illustrates the full pipeline of our experiments, including the value of the
hyperparameters. This section provides more detail on these hyperparameters. The experiments presented
in this paper are built upon the BeGin framework that was introduced by Ko et al. (2024). The extended

repository is made available on github?.

4.1 Datasets

Two datasets are used in the experiments that are widely used in AML (Deprez et al., 2024a), i.e., the IBM
AML dataset (Altman et al., 2023) and the Elliptic dataset (Elliptic; Weber et al., 2019). As will be discussed
below, this work presents AML as edge classification (IBM) as well as a node classification (elliptic).

The IBM AML dataset (Altman et al., 2023) contains synthetic transaction data. The simulations are
done in a multi-agent virtual world. These agents can be banks, individuals or companies, with payments by
individuals and companies. In this virtual world, some agents are said to be malicious. For those agents,
the simulations include money laundering transactions. Altman et al. (2023) model eight different money
laundering patterns, i.e., fan-in, fan-out, bipartite, stack, random, cycle, scatter-gather and gather-scatter, as
illustrated in Figure 4.

We select the HI-Small dataset for our evaluations, taking the agents as nodes and the transactions as
edges. This results in a network with 515 080 nodes and 5 078 345 edges. For this dataset, we perform

edge classification. As with most fraud datasets, the class distribution is highly imbalanced, with only 0.1%

%https://github.com/VerbekeLab
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Figure 4: The different money laundering patterns as defined by Altman et al. (2023).

of transactions involving money laundering. Most of the money laundering transactions are, however, not
classified under a specific pattern. Table 4 gives a detailed view on the distribution of the class labels.

As will be discussed later, we build a model that can distinguish the different patterns using multi-class
classification. The ‘not classified’ labels likely contain observations that fall under one of the patterns, but
labelling these according to one of the eight classes would induce additional noise. Therefore, we will discard
the not classified labels in our experiments, since we have no control over the specific patterns they constitute.
The nodes and edges of these instances are kept as part of the network, so relevant information from these
nodes is propagated through the network and used for the classification of the other nodes. This is also a
practice observed in other research when doing classification of these patterns (Altman et al., 2023; Egressy
et al., 2024).

Another option is to explicitly acknowledge that money laundering cases are present among the negative
labels. This could involve semi-supervised or positive and unlabelled (PU)-learning. The latter explicitly
recognises that not all money laundering transactions are labelled (Ortega Vézquez et al., 2023). However,
an analysis of these methods is beyond the scope of this work.

The Elliptic dataset (Elliptic; Weber et al., 2019) contains real-world Bitcoin transactions, grouped in 49
different time intervals. The network consists of 20 3769 nodes and 234 355 edges, where nodes represent
transactions and edges indicate that the receiver of the first transaction was the sender of the second. For
this dataset, we perform node classification. The dataset includes 166 pre-calculated numerical features — 94
transaction-specific features and 72 aggregated features summarizing a node’s neighbours. The data contains
only 4 545 illicit transactions (2%), again making the label distribution highly imbalanced. Although these
labels do not specifically concern money laundering, we use this dataset as it has found wide adoption in the
AML literature (Weber et al., 2019; Deprez et al., 2024a; Alarab et al., 2020; Xia et al., 2022; Mohan et al.,
2023; Sun et al., 2022; Li et al., 2022a,c), and therefore facilitates comparison with prior experimental results.

Additionally, the Elliptic dataset provides a well-suited case-study for continual learning (Perini et al.,
2022; Wang et al., 2020). As mentioned by Weber et al. (2019), there was a sudden closure of a dark market
at time step 43. This caused all methods to perform poorly, due to the sudden shift in feature distribution of
the illicit cases. This abrupt change in a real-world dataset is ideal for getting a deeper understanding on
continual learning methods.

As noted above, both datasets have extreme class imbalance. This work will test performance of continual
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Type of pattern Transactions
Fan-out 342
Fan-in 318
Gather-scatter 716
Scatter-Gather 626
Cycle 287
Random 191
Bipartite 263
Stack 466
Not classified 1 968
Total money laundering 5 177
Total number of transactions 5 078 345

Table 4: The distribution of the different types of money laundering transaction patterns for the HI-Small

datasets.

graph learning under this imbalance. Methods can be applied before the continual learning step to alleviate
the imbalance, such as sampling methods to make the class distribution more balanced. An important

direction for future research is to evaluate the effect of such sampling methods on the performance of CL.

4.2 Backbone Graph Neural Network

In line with previous benchmarks (Zhang et al., 2022; Ko et al., 2024), we use GCN (Kipf and Welling, 2017)

as backbone. The GCN layer-wise propagation is defined for the whole network at once as:
H+D — (D—%Ab—%gmw(l)) ’ 2)

with o an activation function, and W) the layer-specific trainable weights. We limit this study to GCN,
as this is currently the only backbone implemented in BeGin (Ko et al., 2024). Other popular backbones
could be GraphSAGE and GAT, but a far-reaching extension of BeGin is outside the scope of this work.
Additionally, GAT has many more parameters to learn, which would substantially increase calculation time.

The main choices for the backbone are the depth and width of the layers (De Lange et al., 2022; Mirzadeh
et al., 2022; Wei et al., 2024a). We vary the number of layers between 1 and 3. Here, a trade-off needs to be
made. On the one hand, money laundering patterns often contain nodes that are a couple of hops in the
network apart, as illustrated in Figure 4, requiring more layers to capture this information. On the other
hand, having too many layers leads to over-smoothing (Li et al., 2018), lowering the predictive power of the
model. The dimensions are the same for all hidden layers in the GCN. We test three values, namely 64, 128
and 256.
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Another choice concerns the number of epochs per task, which we set to 1, 2, 5 and 10. The more time a
model is given to train on a single task, the more likely the weights are changed and previous knowledge is lost.
On the other hand, the fewer epochs used, the harder it is for the model to learn and improve performance
on the current task.

Some hyperparameters of the GCN are fixed. For all experiments, we use the Adam optimizer with
learning rate 0.001, no weight decay and the cross-entropy loss. The activation function for the GCN is ReL.U,
and the dropout rate is set to 0.5.

4.3 Task Definition

We are faced with different classification tasks for the IBM and elliptic dataset, i.e., multi-class edge
classification and binary node classification. Therefore, we define the tasks for these datasets differently.

The patterns in the IBM dataset each have their own separate label, allowing for multi-class classification.
The tasks are defined using the different patterns present in the dataset. The first task consists of two labels,
i.e., legitimate transactions and a first money laundering pattern. Subsequent tasks are defined by adding
one novel pattern at a time.

The sequence in which money laundering patterns are introduced may influence the performance of
continual learning methods. To investigate this potential effect, we design five distinct task orderings, each
corresponding to a different pattern order. These orderings are not only designed for analytical purposes but
also reflect plausible scenarios encountered in real-world AML applications. Since these different task orders
result in altered data to learn on, it also allows us to have a high-level view on the stability of the methods.

One considered ordering presents the money laundering patterns in ascending order of difficulty, which is
an idea initially introduced in curriculum learning (Bengio et al., 2009). This setup mirrors the initial stages
of AML implementation within financial institutions, where investigators typically begin by addressing simpler
patterns and progressively develop the expertise needed to identify more sophisticated laundering schemes.
This progression also reflects the dynamic nature of AML enforcement, shaped by the ongoing adversarial
interaction between financial institutions and criminals. As detection capabilities improve, launderers tend to
adopt increasingly complex methods, necessitating a continual adaptation by AML systems. To assess the
role of pattern complexity in continual learning performance, we also consider the reverse—presenting the
patterns in descending order of difficulty—as a second ordering.

The determination of what patterns are more difficult than others is inspired by the work of Egressy
et al. (2024). The authors extend message-passing GNNs step-by-step to prove that the extended GNNs can
capture more patterns. We use those insights to order the patterns from least to most complex as follows:
fan-in, fan-out, bipartite, gather-scatter, scatter-gather, stack, cycle and random.

A third ordering is based on pattern frequency in the dataset, arranging them in descending order:
gather-scatter, scatter-gather, stack, fan-out, fan-in, cycle, bipartite, and random (see Table 4). This ordering

is motivated by the hypothesis that more frequently occurring patterns are detected earlier by both human
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analysts and machine learning models. However, this setup presents a challenge for subsequent tasks, as less
frequent patterns provide fewer training examples, potentially hindering learning. Conversely, the model may
benefit from knowledge transfer across tasks, using representations learned from more frequent patterns to
improve performance on rarer ones. To complement this analysis, we also consider the reverse ordering—from
least to most frequent—to evaluate the impact of data sparsity in the initial tasks.

Finally, as a baseline, we also include a task ordering in which the patterns are presented in a random
sequence. For our experiments, this random order is: fan-out, fan-in, gather-scatter, scatter-gather, cycle,
random, bipartite, and stack.

Note that for the IBM dataset, the transaction network is static. We incrementally learn the novel
patterns, while keeping all nodes and edges the same.

The elliptic dataset contains fraud/non-fraud labels, and we therefore apply binary classification. We
define the tasks in two ways. First, we can take each time step as an individual task, resulting in 49 tasks.
Having too many tasks, however, might pose a problem for the continual learning methods, since information
from a very long time ago should also be retained near. Therefore, we introduce a second way of task
definition, where we group different time steps in a single task. Here, each task contains seven time steps.

This is chosen to have the same number of time steps in each task.

4.4 Continual Learning Methods

Different methods to prevent forgetting are present in continual graph learning literature, starting with the
type of incremental learning to use. Similar to the task definition, we apply different incremental learning
strategies for the two datasets.

For the IBM dataset, we use class incremental learning, since each new pattern is seen as its own class.
One challenge, as indicated in the literature, is that these different tasks in the class-incremental setting are
very similar, possibly resulting in strong forgetting across tasks (Wang et al., 2024; Lee et al., 2021).

For the Elliptic dataset, we use domain-IL, where we recognise that the distribution in money laundering
patterns can shift. This mimics what happens in reality, since financial institutions will also use binary
classification (i.e., legit vs. money laundering), but need to consider that the modus operandi of fraudsters
evolves over time.

The continual learning methods used are Gradient Episodic Memory (GEM) (Lopez-Paz and Ranzato,
2017), Elastic Weight Consolidation (EWC) (Kirkpatrick et al., 2017), Learning without forgetting (LWF) (Li
and Hoiem, 2018), Memory Aware synapses (MAS) (Aljundi et al., 2018), and Topology-aware Weight
Preserving (TWP) (Liu et al., 2021). This selection is made since the literature as presented in Section 3.4

mostly relies on these methods for fraud detection. These methods are compared to the bare and joint model.

e Bare: We iteratively fine-tune the model on only the data of the current task. In continual learning,

this is taken as a lower bound for the performance.
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e Gradient Episodic Memory (GEM) (Lopez-Paz and Ranzato, 2017): GEM uses a fixed budget
for memory allocation, and this memory is filled without any smart allocation. The gradient of the
current task is projected orthogonally onto the space spanned by the gradients calculated using the

replay examples, to avoid that the losses on previous tasks will increase.

e Elastic Weight Consolidation (EWC) (Kirkpatrick et al., 2017): EWC uses the Fisher information
matrix, based on the gradient of the loss, to find the weights that were important for the previous task.

It changes the loss function by introducing heavier penalization of updating more important weights.

e Learning without forgetting (LwF) (Li and Hoiem, 2018): LwF is introduced using a multi-task
architecture, where part of the model is shared, and part is fine-tuned for each specific task. It assumes
that no data of older tasks is available. LwF starts by constructing new ‘ground truth’ labels by looking
at the output on the parts of the old task using the data of the current task. Original capabilities are

preserved by trying to keep these outputs as is while training on the new task.

e Memory Aware synapses (MAS) (Aljundi et al., 2018): MAS uses the gradient of the squared
[2-norm of the learned function output to express weight importance. Contrary to EWC, the weight

importance determined by MAS is done in an unsupervised manner.

e Topology-aware Weight Preserving (TWP) (Liu et al., 2021): TWP uses two sub-modules, one for
task-related objectives and one for topology-related objectives. The task-related objective is similar to
EWC where weight importance is measured via the gradient of the loss. The topology-related objective
relies on the gradient vector of the attention coefficients in a GAT to incorporate network topology.
The authors include a non-parametric proxy for the attention, in case the GNN backbone does not

include an attention mechanism.

e Joint: the joint model takes an accumulative approach. Similar to the bare model, the model of the
previous task is fine-tuned on the current task. Contrary to the bare model, the joint model is fine-tuned
using all data of the current and past tasks. In continual learning, this is taken as an upper bound for

the performance.

4.5 Evaluation

Previous work mostly uses accuracy to evaluate performance (Abulaish et al., 2024). However, AML deals
with strong class label imbalance, motivating the evaluation of performance by using the micro-F1 score for
both datasets.

In continual learning, special evaluation metrics are developed to reflect that the model is fine-tuned
sequentially on the tasks. We use the model tuned for task j, and evaluate it on the test data of previous

tasks ¢ < j. This allows us to quantify the forgetting that has occurred after fine-tuning the model on task j.
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Using this principle, we define the performance matrix, M € R*** with k the number of tasks. The

elements of the performance matrix are defined as (Zhang et al., 2022):

Performance on task 7 after training on task j if i <j

0 otherwise

Hence, the performance matrix is a lower triangular matrix. The visualisation of the performance matrix
using a heatmap is a first, qualitative evaluation of the methods.

The performance matrix entries are used to calculate quantitative evaluation metrics, i.e., the average
performance (AP) and average forgetting (AF). Average performance is the average micro-F1 over the tasks,
after training on all tasks. Average forgetting compares the micro-F1 of a task after training on said tasks to
the accuracy after learning on all tasks. Using the performance matrix, we defined these metrics as (Ko et al.,

2024):

k
My, ;
AP = :
5 o
i=1
k—1
M;; — My ;
AF = S i ki 4
1 (4)

i=1

In the end, we are also interested in the performance of the final model on all tasks. Therefore, we include

the micro-F1 score on all data after fine-tuning the model on the final task.

5 Results and Discussion

As shown in the pipeline on Figure 3, many hyperparameters choices are tested in this work. We start below
with a general overview of all results using Figure 5, Figure 6 and Figure 7, in which some trends are already
clear. Afterwards, a detailed discussion for each choice is given in dedicated sections.

Figure 5 contains a scatter plot and marginal kernel density estimates of the results over all different
(hyper-)parameters for the IBM dataset. We see strong forgetting across experiments, which is probably
caused by the strong similarity among the different tasks (Wang et al., 2024). We notice that in general more
epochs lead to more forgetting, while there is a limit on the performance the model can obtain. Additionally,
GEM (replay- and regularisation-based) seems to achieve good performance without suffering too much
forgetting. Across the datasets, it seems that the task order has no noticeable impact on performance and
forgetting.

A more fine-grained visualisation for the IBM dataset is provided in Figure 6. The results are split in
different plots according to the depth and width of the model. We see that higher dimensions lead to an
increase in performance, but also correlate with stronger forgetting. These plots clearly show the ability of
GEM (replay- and regularisation-base) to obtain higher AP while having lower AF. We also note that the
Bare model suffers strong forgetting, especially for the GCNs with three layers. For the other layers, Bare,
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Scatter plot of AP and AF by Model, Epoch and Dataset
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Figure 5: Scatter plot and marginal kernel density estimates of the average forgetting plotted against the

average performance for the IBM dataset.
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Figure 6: Scatter plot of the average forgetting (lower is better) plotted against the average performance

(higher is better), split according to the breadth and width of the GCN.

MAS and LwF (regularisation-based) seem to consistently suffer more from forgetting for similar performance,
compared to the other methods.

A similar figure is given for the Elliptic dataset in Figure 7, where different results are observed compared
to the IBM dataset. For the Elliptic dataset, it seems that forgetting is less of a problem, but the average
performance clearly increases with the number of epochs. In general, the results are similar between the
setting with seven and with 49 tasks. The lack of forgetting can be because the distribution shift is less
severe in this dataset. Looking at the methods, GEM again has on average lowest forgetting, while LwF
and Bare have higher forgetting. We do observe that EWC and TWP need more epochs to obtain a similar
performance as the rest, although both keep a fairly constant level of forgetting around 0. The difference in

forgetting among methods for the Elliptic dataset is also much less pronounced than for the IBM dataset.
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Figure 8: Average forgetting for the different methods on the IBM dataset, where the backbone is a GCN

with two layers, each having dimension 128, and we take five epochs per task.

5.1 Number of Epochs

We start by illustrating the importance of carefully choosing the number of epochs. The evolution of the
average forgetting as a function of the number of epochs is shown in Figure 8 for the IBM dataset. We can
clearly see that the average forgetting stays relatively low for a couple of epochs, but suddenly jumps up.
This illustrates that, in this case, knowledge from previous tasks is not lost gradually, but suddenly.

We note that the average forgetting drops when going to a new task, after every five epochs. This is
because a new task is added to the average forgetting calculations. As the model has just fine-tuned on data
from that task, the forgetting is expected to still be low. This results in a lower average, and hence a drop in
forgetting when considering the next task.

The average forgetting, average performance and final performance are reported for the IBM dataset in
Table 5 over the different number of epochs per task. We see that performance improves when increasing the
number of epochs. However, the amount of forgetting becomes a major issue with a higher number of epochs.
Only GEM seems to be able to keep forgetting at a lower level.

We see that the final performance goes down considerably when the number of epochs per task goes up.
This is caused by the high forgetting on previous tasks. Especially forgetting for the first task is problematic,
given that it contains the majority class.

The average forgetting, average performance and final performance for the Elliptic dataset are reported
in Table 6 for seven tasks and in Table 7 for 49 tasks over the different number of epochs per task. As
before, the performance increases with the number of epochs per task, but the increase of forgetting is not as

drastically as for the IBM dataset. Here, both TWP—which incorporates network topology—and GEM seem
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Bare EWC LWF MAS TWP GEM
Fpochs AP AF Fin. AP AF Fin. AP AF Fin. AP AF Fin. AP AF Fin. AP AF Fin.
1 0.1250 0.0000 0.0004 | 0.1353 0.4036 0.0003 | 0.1095 0.0394 0.7800 | 0.1084 0.0606 0.7431 | 0.1272 0.0171 0.6529 | 0.1444 -0.0100 0.6372
2 0.1385 0.3340 0.0001 | 0.1259 0.3501 0.0076 | 0.1253 0.4897 0.0001 | 0.1265 0.4569 0.0001 | 0.1250 0.3574 0.0002 | 0.1588 0.2823 0.0339
5 0.1220  0.6489 0.0001 | 0.1393 0.6274 0.0002 | 0.1336 0.8924 0.0001 | 0.1425 0.8318 0.0001 | 0.1389 0.6642 0.0002 | 0.2072 0.2277 0.2783
10 0.1250  0.9804 0.0001 | 0.1192 0.7433 0.0001 | 0.1222 0.9657 0.0001 | 0.1250 0.9576 0.0001 | 0.1627 0.6503 0.0003 | 0.1783 0.5456 0.2337

Table 5: Performance metrics (AP and AF) and final performance on all data (Fin.)

epochs for the IBM dataset.

The backbone is a GCN with two layers, each having dimension 128.

for different models and

Bare EWC LWF MAS TWP GEM
Epochs
AP AF Fin. AP AF Fin. AP AF Fin. AP AF Fin. AP AF Fin. AP AF Fin.
1 0.8318 -0.2213 0.8284 | 0.8903 -0.0010 0.9019 | 0.8908 0.0012 0.9029 | 0.8922 0.0000 0.9041 | 0.8900 -0.0018  0.9020 | 0.8860  -0.0196  0.8930
2 0.8971  -0.0012 0.9074 | 0.8936 -0.0035 0.9028 | 0.8946 0.0012 0.9057 | 0.8973 -0.0026 0.9077 | 0.8936 -0.0011 0.9050 | 0.8696 -0.1368 0.8771
5 0.9004 0.0156  0.9102 | 0.9037 0.0045 0.9113 | 0.9040 0.0158 0.9133 | 0.8978  0.0166  0.9085 | 0.9063 -0.0093  0.9150 | 0.9097 -0.0107 0.9168
10 0.9084  0.0287  0.9149 | 0.9156 0.0116 0.9204 | 0.9091 0.0248 0.9157 | 0.8996  0.0275 0.9099 | 0.9162 -0.0026 0.9229 | 0.9175 -0.0023  0.9227

Table 6: Performance metrics (AP and AF) and final performance on all data (Fin.) for different models
and epochs for the Elliptic dataset, with seven tasks. The backbone is a GCN with two layers, each having

dimension 128.

to be able to achieve high performance in combination with negative forgetting, meaning that the model also
improves its performance on previous tasks when fine-tuning on novel tasks.

The final performance of the models seems less affected by the number of epochs. This is probably caused
by the very little forgetting due to limited data shift over the tasks. Therefore, the model has had ample
training time at the end of fine-tuning on all tasks, even when the number of epochs per task is small.

These results also stress the importance of the network structure in CGL. Figure 8 and Table 5 illustrate
that on the IBM dataset the Bare model, although considered as a lower bound, does not suffer the strongest
forgetting of all models. There can be a couple of reasons for this. A first reason is that the network structure,
via the inter-task connections, is beneficial for the bare model to retain knowledge from previous tasks. This
reason seems to be supported by the results of the Elliptic dataset in Table 6, where the Bare model seems to
be performing worse, although not in all cases. Inter-task connections are absent in the Elliptic dataset. A
second reason for the deviant performance of the Bare model on the IBM dataset is visible in the performance

matrices in Figure 9. It seems that for some tasks, the bare model has difficulty obtaining good performance,

Bare EWC LWF MAS TWP GEM
Epochs AP AF Fin. AP AF Fin. AP AF Fin. AP AF Fin. AP AF Fin. AP AF Fin.
1 0.9146 -0.0173 0.9229 | 0.7328 0.0060 0.7200 | 0.8978 0.0105 0.9100 | 0.9129  -0.0081  0.9213 | 0.7927  0.0033  0.7821 | 0.8756  -0.0155 0.8778
2 0.9144 0.0023 0.9236 | 0.7584 0.0215 0.7431 | 0.9157 -0.0014 0.9250 | 0.9203 -0.0107 0.9269 | 0.7557  0.0204  0.7472 | 0.8798 -0.0316 0.8824
5 0.8870 0.0507  0.9031 | 0.8764 0.0024 0.8707 | 0.8913 0.0372 0.9058 | 0.9133 -0.0058 0.9225 | 0.8766  0.0005 0.8860 | 0.9168 -0.0035 0.9211
10 0.8913 0.0583  0.9050 | 0.7977 0.0100 0.7794 | 0.8849 0.0617 0.9020 | 0.8897  0.0316 0.9044 | 0.7362 -0.0010 0.7182 | 0.8947  0.0009  0.8961

Table 7: Performance metrics (AP and AF) and final performance on all data (Fin.) for different models
and epochs for the Elliptic dataset, with 49 tasks. The backbone is a GCN with two layers, each having

dimension 128.
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Performance matrix: ibm_easy_hard; hidden layers: 2 with dimensions 128
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Figure 9: The performance matrices for the different methods for a varying number of epochs for the IBM

dataset.

leading to less learned information to forget.

Further analysis of the performance matrices in Figures 9-11 illustrate that a balance needs to be struck
between performance and forgetting. The forgetting is kept low with a lower number of epochs, although the
model does not seem to learn any knowledge from the new tasks. On the other hand, the models tend to
overfit on the latest task for the IBM dataset if epochs are set too high.

The complete collection of performance matrices is available as supplementary material online on Github?.

5.2 Order of Patterns

The analysis of the order of patterns is only relevant for the IBM dataset. For the same architecture as
before, we see in Figure 12 that the forgetting and precision is more or less stable across different pattern
orders. Only for hard to easy we notice that the forgetting spikes for a couple of methods. Here, the average
performance is also higher.

When aggregating on all experiments, as shown in Figure 13, we see that on average the order of the
patterns does not seem to have a major impact on the performance nor on the forgetting. This is in line with
previous studies (De Lange et al., 2022; Nguyen et al., 2019).

We notice that the boxes for EWC and TWP - which is based on EWC - go a bit higher in terms of

Shttps://github.com/VerbekeLab
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Performance matrix: Elliptic Dataset: hidden layers: 2 with dimensions 128

Figure 10: The performance matrices for the different methods for a varying number of epochs for the Elliptic

dataset with 7 time steps per task.

Performance matrix: Elliptic Dataset: hidden layers: 2 with dimensions 128
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Figure 11: The performance matrices for the different methods for a varying number of epochs for the Elliptic

dataset with each time step a separate task.
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Figure 12: Global average of the average performance (left) and average forgetting (right) for the methods

across the different permutations of the patterns.
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Figure 14: The average performance and average forgetting across different depths and widths of the GCN,
when training for five epochs per task on the IBM dataset.

performance in the hard-to-easy setting, than for the others. This might indicate that these regularisation-
based methods perform a bit better in this setting, although differences are minor.

These results illustrate that the methods are quite stable when faced with data perturbations.

5.3 Architecture of Backbone

As part of RQ2, we analyse the effect of the depth and width of the GCN model. The results in Figure 6
already show that the architecture of the GCN - both in terms of depth and width - has an impact on
performance and forgetting. We provide heatmaps of the average performance and forgetting for all methods
to have a detailed view on the results. The results for the IBM dataset on the easy-to-hard dataset for five
epochs are shown in Figure 14. The results for the Elliptic dataset for five epochs with seven and 49 tasks
are shown in Figure 15 and Figure 16, respectively.

Although intuitively more layers should be better in terms of average performance, the results do not
show a clear dominance of two or three layers over one layer in the GCN. On the other hand, we can clearly
see that forgetting is more severe if the GCN has more parameters. Deeper and wider GCNs tend to overfit

more on the latest task.

5.4 Continual Learning Method

To evaluate the effect of the continual learning method to answer RQ3, we first look at the performance
matrices in Figure 9-11. Visually, it seems that GEM most often retains previous knowledge both for a low
as well as high number of epochs, while also learning the new task.

We confirm this by assessing the box plots of the ranking of the models in Figure 17 and Figure 18 for
the IBM and Elliptic dataset, respectively, where the best performing method gets rank 1. On average, GEM
scores best both in terms of low average forgetting as well as high average performance for both datasets.

When looking at the IBM results, EWC and TWP seems to also perform quite strongly. For the other
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Figure 15: The average performance and average forgetting across different depths and widths of the GCN,

when training for five epochs per task on the elliptic dataset with seven tasks.
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Figure 16: The average performance and average forgetting across different depths and widths of the GCN,
when training for five epochs per task on the elliptic dataset with 49 tasks.
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Figure 17: Box plot of the order of the methods per permutation of the patterns on the IBM dataset.
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Figure 18: Box plot of the order of the methods for the number of tasks on the elliptic dataset.

methods, it seems that there is a trade-off between forgetting and performance. TWP, which is partially based
on EWC, seems to be able to reduce forgetting compared to EWC by incorporating network information
based on the previous tasks as well.

For the Elliptic dataset, the results are slightly different, here MAS performs well, while EWC is performing
quite poorly. For the other methods, we again see a trade-off between forgetting and performance. Surprisingly,
TWP has among the lowest average performance across all experiments, together with EWC, especially
when dealing with 49 tasks. One explanation might be that the Fisher information is not sufficient to retain
important weights across this many tasks. Another explanation is that the Elliptic dataset consist of 49
separate and distinct networks, which might explain why TWP has difficulties leveraging network information
in its topology-related objective function.

An observation made for all iterations is that continual learning methods seem to result in better AML
detection methods than the bare and joint model. Looking at the performance matrices of the joint model,
we see strong performance for the first task, concerning the majority class, but low performance on the other
tasks. This results from the extreme class imbalance in AML. The joint model seems to learn to always
predict the majority class when minimising the loss function.

We also consider the performance of the model on the full test set, after seeing all tasks. The results on
the IBM dataset are given in Figure 19. As expected, the joint model outperforms all other models, since it
was trained on all data. We also see that GEM performs better than the other continual learning and bare
models. This is due to the combination of high average performance and low average forgetting.

Similar results are provided for the Elliptic dataset in Figure 20. Here, the picture is less pronounced that

36



Figure 19: Box plot of the performance of the final model on all test data for the IBM dataset.
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Figure 20: Boxplot of the performance of the final model on all test data for the Elliptic dataset.

before. We see consistently strong results for Bare, LwF, MAS and GEM. Contrary to the IBM dataset, TWP
does not perform as well on the Elliptic dataset. TWP is the only method tested that incorporates network
topology. Its performance might suffer from the Elliptic dataset being 49 disjoint and distinct networks, while
each task of the IBM dataset is part of the same network.

Surprisingly, the joint model seems to perform slightly worse than these models. Given that it is trained
on all data simultaneously, the joint model might suffer from the inclusion of the sudden closure of a dark
market at time step 43 (Weber et al., 2019).

In summary, we report the following findings for the different choices:

e Epochs. Catastrophic forgetting happens suddenly and not gradually with a growing number of epochs.
Additionally, the models overfit on the current task if the number of epochs is set too high. Therefore,
this should be tuned carefully for AML.
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e Pattern Order. In our experiments, the order of patterns did not have a significant impact on the
performance. This is in line with previous research and indicates that for AML as well methods exhibit

order-agnostic behaviour

e Backbone Architecture. Although performance gain is limited when going from two to three layers,

forgetting is worse for deeper and wider models, as these tend to overfit on the current task.

e Continual Learning Method. Across the experiments, GEM which is based on replay in combination
with regularisation, performed best in terms of obtained performance and least forgetting. Regularisation
with Fisher information seems to suffer most when faced with many tasks. To a lesser extend, network-

based methods only seemed to add value when inter-task connections are present.

6 Conclusion

Continual learning is essential in AML because (1) millions of transactions need to be monitored continuously,
(2) fraud tactics are constantly evolving, causing underlying data distributions to shift, and (3) regulatory
constraints often limit the amount of historical data that can be stored. Therefore, this work addresses three
key research questions.

We started with reviewing the current state of the continual graph learning literature for AML (RQ1).
We conclude that despite its ability to tackle these challenges well, continual graph learning for AML has
received limited interest in the scientific literature.

To expand on the current body of knowledge, we present the results of a comprehensive experiment on
continual graph learning on two AML datasets. We presented experiments for node and edge classification.
We investigated the effect of the hyperparameters including the task order and the GNN architecture (RQ2),
and the different continual learning methods (RQ3).

We conclude that increasing the number op epochs per task too much may lead to overfitting on the
present task, and hence to forgetting. With regard to the task order, our experiments are in line with previous
work and confirm that there is no significant effect of the task order on performance.

Based on the experimental results, we conclude that wide models are more prone to forgetting, and a
balance needs to be struck between capturing longer money laundering chains and avoiding over-smoothing
and forgetting when setting the depth of the GNN.

Across the experiments, GEM performed well with minimal forgetting. This indicates that replay
capabilities increases model capabilities when applied to the complex problem of AML. As noted, their
application in practice might be hindered by regulations limiting the storage of transaction data.

A surprising result is obtained regarding the joint model. The experiments show that continual learning
methods are better at learning the different fraud patterns. When provided with all data, the joint model
learns to consistently predict the majority class.

Based on our work, we have identified five gaps that future research must address:
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. Nature of fraud. Basic research on the effect of the nature of fraud on continual learning is missing.
Future research should investigate how continual learning enhances graph learning when fraudsters
rotate between patterns or when their are periods without fraud labels. These insights are critical
to obtain better intuition and insights on continual graph learning for AML, and to develop custom

solutions.

. Label distribution. A key challenge in AML is the extreme class imbalance and undetected cases.
Although continual learning exhibited some improvement over the joint model in the face of class
imbalance, only limited work addresses this (Wei et al., 2025). Future work could focus on how to
handle class imbalance for continual graph learning by, e.g., using sampling methods. Additionally,
future research should incorporate the fact that there are undetected cases by analysing the effect of

methods from PU-learning for continual graph learning.

. Recent advancement. Applications of the latest network analytics methods seems generally slower
for AML compared to other fields, as AML is often perceived as just another fraud detection application.
However, AML presents a unique combination of challenges. Therefore, future work should investigate
how well current advancements like graph transformers, graph auto-encoders and foundation models

perform at continual graph learning for AML.

. Extended benchmark. The main limitation of this work is the limited number of datasets and
methods applied. A more extensive study is hampered as some key functionalities are missing in
the BeGin framework. The BeGin framework should be extended to incorporate domain-incremental
learning for edge classification and to have more methods applicable for edge classification. Additionally,

more GNN backbones should be tested.

. Stability and robustness. Although continual graph learning increases model stability by design and
although this work has already provided a reflection on stability for the different hyperparameters, more
attention should be given to stability and robustness. In particular, future research should analyse the
stability of the individual predictions, not just of the global performance of the model. Positive results

would increase credibility and trustworthiness of continual graph learning for AML.
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