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Abstract 

Detecting fraud in dynamic transaction networks presents major obstacles owing to the computational demands and 
the constantly changing patterns of fraudulent behavior. We propose a Dynamic Task Prioritization Meta-GNN (DTP-
MetaGNN) framework merging meta-reinforcement learning (meta-RL) and adaptive graph sparsification to tackle 
these challenges. The framework dynamically prioritizes tasks according to emerging fraud patterns, which results in 
efficient meta-training and decreased computational overhead by means of edge reduction and sparse attention 
mechanisms. A meta-RL policy guides task sampling by weighting high-volatility fraud scenarios, where the policy’s 
reward function balances detection accuracy and novelty. Furthermore, the framework applies a real-time edge 
reduction method to trim transaction graphs while preserving only the most meaningful links. DTP-MetaGNN relies on 
a Temporal Graph Neural Network (T-GNN) equipped with sparse attention, which handles the sparsified graph to 
produce node embeddings and adjusts through meta-learning. The proposed method connects smoothly with standard 
transaction network components, including graph formation and attribute derivation. Principal advancements consist 
of merging meta-reinforcement learning-driven task prioritization with dynamic graph sparsification, executed via 
Proximal Policy Optimization (PPO) and Temporal Graph Attention Networks (TGAT). Experimental findings show DTP-
MetaGNN attains better performance in fraud detection with a notable decrease in computational expenses. This study 
pushes the boundaries of current research by introducing a scalable and adaptable approach for high-speed transaction 
systems. 

Keywords:  Fraud Detection; Graph Neural Networks (GNNs); Meta-Reinforcement Learning (Meta-RL); Dynamic 
Task Prioritization;   Graph Sparsification; Temporal Graph Networks (TGN / TGAT) 

1. Introduction

Fraud detection in transaction networks has become increasingly critical as financial systems grow in complexity and 
scale. Conventional approaches frequently find it difficult to adjust to the changing characteristics of deceitful behaviors, 
which progress swiftly and display non-constant trends. Graph Neural Networks (GNNs) have shown promise in 
modeling transaction networks due to their ability to capture relational dependencies [1]. Current methods are 
confronted with two principal obstacles: inefficiency in computation during the handling of extensive dynamic graphs 
and a tendency to overfit when applied to varied fraud contexts. 

Recent progress in meta-learning, especially meta-reinforcement learning (meta-RL), presents a method to tackle these 
challenges by granting models the ability to adjust rapidly to novel tasks [2]. Within transaction networks, every time 

http://creativecommons.org/licenses/by/4.0/deed.en_US
https://ijsra.net/
https://doi.org/10.30574/ijsra.2022.5.1.0026
https://crossmark.crossref.org/dialog/?doi=10.30574/ijsra.2022.5.1.0026&domain=pdf


International Journal of Science and Research Archive, 2022, 05(01), 207-221 

208 

window or fraud scenario can be regarded as a separate task, which permits the model to acquire transferable patterns. 
However, straightforward implementation of meta-learning for dynamic graphs is still computationally impractical 
because of the quadratic complexity of attention mechanisms in GNNs [3]. Furthermore, in the absence of adequate task 
prioritization, meta-learning can allocate resources to unimportant or repetitive tasks, which results in less than 
optimal performance. 

To address these constraints, we propose the Dynamic Task Prioritization Meta-GNN (DTP-MetaGNN), an innovative 
framework merging meta-reinforcement learning with flexible graph sparsification. In contrast to previous methods 
that apply uniform treatment to all tasks [4], our method adaptively chooses and assigns importance to meta-training 
tasks according to their alignment with emerging fraudulent behaviors. A meta-reinforcement learning algorithm, 
optimized with a reward function measuring fraud volatility, directs this selection procedure. At the same time, a 
mechanism for reducing edges trims the transaction graph by keeping only the most informative connections, which 
greatly lowers computational demands. At the core of our framework lies a Temporal Graph Neural Network (T-GNN) 
equipped with sparse attention, effectively capturing dynamic transaction patterns and adjusting to emerging 
fraudulent activities by means of meta-learning. 

The key contributions of this work are threefold. First, we introduce a meta-RL-based task prioritization mechanism 
that dynamically adjusts the sampling distribution of tasks, which directs the model’s attention toward high-impact 
fraud scenarios. Second, we propose an adaptive graph sparsification method which lowers computational complexity 
while preserving detection accuracy. Third, we show the joint application of these novel approaches results in better 
fraud detection performance, especially in fast-paced transaction systems where conventional techniques fail. 

Our research advances and broadens multiple strands of prior investigation. Applying meta-RL to task prioritization is 
inspired by recent progress in reinforcement learning for dynamic environments [5]. The edge reduction mechanism 
draws on online meta-learning methods aimed at improving computational efficiency [6]. Ultimately, merging T-GNNs 
with sparse attention draws on existing research in efficient graph representation learning [7]. 

The remainder of this paper is organized as follows. Section 2 reviews related work in meta-learning, dynamic graph 
neural networks, and fraud detection. Section 3 presents essential background information on meta-learning, dynamic 
graphs, and fraud detection. Section 4 describes the DTP-MetaGNN framework, which consists of task prioritization and 
graph sparsification elements. Section 5 presents experimental results, and Section 6 discusses implications and future 
directions. Finally, Section 7 concludes the paper. 

2. Related Work 

The proposed DTP-MetaGNN framework intersects three research domains: meta-learning for dynamic tasks, graph 
neural networks for fraud detection, and computational efficiency in temporal graph processing. We structure our 
discussion according to these axes and identify major progress as well as constraints in current methods. 

2.1. Meta-Learning in Dynamic Environments 

Recent work has explored meta-reinforcement learning for non-stationary task distributions, where [8] introduced a 
hyper-meta RL framework to handle sparse rewards through hierarchical task sampling. Although effective for discrete 
task spaces, this method fails to account for the ongoing progression of fraudulent activities in transaction networks. 
Temporal adaptation has been studied in [9], which employs edge reduction for online meta-learning but lacks dynamic 
task prioritization. Our approach builds upon these concepts by adding fraud volatility metrics to the meta-RL policy’s 
state description, which grants more precise regulation of task selection. 

2.2. Graph Neural Networks for Fraud Detection 

Dynamic GNN architectures play a key role in financial transaction modeling, with [10] proposing a time-adaptive GCN 
framework which adjusts parameters at each temporal interval. Nevertheless, these approaches generally treat all past 
information uniformly, which renders them vulnerable to concept drift. The temporal-structural approach in [11] 
captures transaction dynamics through dedicated modules for node and edge evolution, but its fixed architecture cannot 
automatically reweight learning objectives based on emerging threats. Our sparse attention mechanism addresses this 
by dynamically adjusting the computational graph topology. 
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2.3. Efficient Temporal Graph Processing 

Computational constraints in dynamic graphs have spurred innovations in sparsification techniques. The edge-
aggregated transformer in [12] shows selective neighborhood sampling retains prediction accuracy with lower memory 
consumption. Similarly, [13] achieves speedups through sparse attention kernels, though their static pruning strategy 
cannot adapt to changing graph properties. Our framework improves these approaches by integrating online 
importance sampling with meta-learned edge retention thresholds adapting to fraud pattern changes. 

The proposed DTP-MetaGNN sets itself apart from previous work by three principal advances: (1) A meta-RL policy 
sensitive to fraud volatility that adjusts task weights dynamically in meta-training, differing from the fixed task sampling 
in [8] or uniform edge reduction in [9]; (2) A mechanism for adaptive graph sparsification that optimizes both 
computational efficiency and fraud detection accuracy, extending beyond the rigid sparsity approaches of [13]; (3) A 
close coupling of temporal attention with meta-learning updates, which grants the model the ability to autonomously 
alternate focus between recent transactions and historical patterns—a feature not present in [10] or [11]. The 
integration of dynamic task prioritization with adaptive graph processing yields a cohesive approach for scalable fraud 
detection in changing transaction networks. 

3. Preliminaries on Meta-Learning, Dynamic Graphs, and Fraud Detection 

To lay the theoretical groundwork for our proposed framework, we initially introduce essential notions in meta-
learning, dynamic graph modeling, and fraud detection mechanisms. These components form the building blocks for 
understanding the DTP-MetaGNN architecture and its operational mechanisms. 

3.1. Meta-Learning Fundamentals 

Meta-learning, also termed learning to learn, denotes algorithms which advance their ability to learn over various tasks 
by gaining experience [14]. The primary aim is to educate a model on diverse assignments so it can swiftly adjust to 
novel assignments with little extra instruction. Within the domain of fraud detection, every task aligns with a unique 
fraud case or a specific time-based portion of transactional records. The model’s ability to generalize across these tasks 
is crucial for detecting novel fraud patterns. 

The meta-learning framework generally consists of two stages: meta-training and meta-testing. During meta-training, 
the model encounters multiple tasks sampled from a distribution 𝑝(𝒯), where each task 𝒯𝑖 consists of a support set (for 
adaptation) and a query set (for evaluation). The model parameters 𝜃 are updated to minimize the expected loss across 
all tasks: 

min
𝜃
𝔼𝒯𝑖∼𝑝(𝒯)[ℒ𝒯𝑖(𝑓𝜃)]     (1) 

where 𝑓𝜃  represents the model and ℒ𝒯𝑖  denotes the task-specific loss function. This formulation differs from 

conventional machine learning by optimizing for rapid adaptation rather than direct performance on a single task. 

3.2. Dynamic Graph Representation 

Transaction networks change progressively over time, necessitating dynamic graph models that account for temporal 
dependencies. A dynamic graph 𝒢 = (𝒱, ℰ, 𝒯)  consists of nodes 𝒱  (accounts/entities), edges ℰ  (transactions), and 
timestamps 𝒯 marking when interactions occur [15]. The adjacency matrix 𝐴𝑡 at time 𝑡 encodes the graph structure, 
with 𝐴𝑡,𝑖𝑗 = 1 if nodes 𝑖 and 𝑗 interact at time 𝑡. 

Temporal Graph Neural Networks (T-GNNs) expand static GNNs by embedding time-sensitive message propagation. 

ℎ𝑣
(𝑡) = 𝜎( ∑ 𝛼𝑢𝑣

(𝑡)

𝑢∈𝒩(𝑣)

𝑊ℎ𝑢
(𝑡−1))      (2) 

where ℎ𝑣
(𝑡) is the embedding of node 𝑣 at time 𝑡, 𝒩(𝑣) denotes neighbors, 𝛼𝑢𝑣

(𝑡) represents attention weights, and 𝑊 is a 
learnable weight matrix. The attention mechanism grants the model the capacity to concentrate on pertinent temporal 
interactions while reducing interference from irrelevant data. 
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3.3. Fraud Detection Characteristics 

Financial fraud displays a number of unique traits which complicate traditional approaches to identification. Initially, 
fraudulent activities show concept shift—their statistical attributes alter across periods as a result of opponent 
adjustments [16]. Second, instances of fraud are exceedingly uncommon relative to lawful transactions, which results 
in a pronounced imbalance between classes. Third, fraudulent actions frequently entail coordinated conduct among 
multiple accounts, which requires relational analysis. 

These traits justify three essential criteria for efficient fraud detection systems: (1) ongoing adjustment to changing 
patterns, (2) resilient learning from skewed data, and (3) examination of transaction network structures. The proposed 
DTP-MetaGNN addresses these requirements through its meta-learning framework and dynamic graph processing 
capabilities. 

These three elements—meta-learning for adaptation, dynamic graphs for temporal modeling, and specialized fraud 
detection mechanisms—form the theoretical foundation of our approach. In the subsequent part, we will illustrate how 
these components form a cohesive system for real-time fraud identification. 

4. Dynamic Task Prioritization Meta-GNN (DTP-MetaGNN) 

The DTP-MetaGNN framework introduces a new approach that merges meta-reinforcement learning with flexible graph 
analysis to tackle the difficulties of detecting fraud in dynamic environments. As illustrated in Figure 1, the system 
architecture is composed of three principal elements: a meta-RL policy for dynamic task prioritization, a module 
dedicated to online edge reduction to achieve computational efficiency, and a temporal graph neural network with 
sparse attention for feature learning. These elements collaborate to support effective adjustment to new fraudulent 
trends while preserving the ability to scale for extensive transactional systems. 

 

Figure 1 Internal Architecture of DTP-MetaGNN 

4.1. Dynamic Task Prioritization via Meta-Reinforcement Learning 

The primary innovation of DTP-MetaGNN is its meta-RL policy for dynamic task selection, which tackles the issue of 
concept drift in fraudulent behavior patterns. We formulate the task prioritization problem as a Markov Decision 
Process (MDP) where the state 𝐬𝑡  captures the temporal evolution of fraud characteristics. In particular, the state 
description merges node embeddings ( _t ) with fraud volatility metrics ( _t ). 

𝐬𝑡 = MLP(𝐡𝑡 ⊕𝛥𝐟𝑡)     (3) 

Here, 𝐡𝑡 ∈ ℝ𝑑 denotes the graph-level embedding at time 𝑡, obtained by aggregating node features through a readout 
function, and 𝛥𝐟𝑡 measures the rate of change in fraud type frequency. The policy 𝜋𝜃 maps states to task weights 𝑤𝑡 , 
which bias the meta-training gradient updates: 

𝜙 ← 𝜙 − 𝜂∑𝑤𝑡

𝑡

∇𝜙ℒ(𝒯𝑡; 𝜙)     (4) 

The reward function 𝑟𝑡 balances two objectives: detection accuracy and novelty. It is defined as: 

𝑟𝑡 = 𝛼 ⋅ Precision(𝒯𝑡) + 𝛽 ⋅
∂𝛥𝐟𝑡
∂𝑡

     (5) 
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where 𝛼 and 𝛽 control the trade-off between immediate performance and adaptability to new fraud patterns. The policy 
is refined with Proximal Policy Optimization (PPO) [17], which guarantees steady training despite the non-stationary 
task distribution. 

4.2. Online Edge Reduction and Adaptive Graph Sampling 

To tackle the computational demands of analyzing dynamic transaction graphs, we introduce an online edge reduction 
method which selectively preserves the most informative connections. For each node 𝑣  at time step 𝑡, we compute 

sparse attention scores 𝐀𝑖𝑗
(𝑡) between 𝑣 and its neighbors 𝑢 ∈ 𝒩(𝑣): 

𝐀𝑖𝑗
(𝑡) = softmax(

𝐐(𝑡)𝐊(𝑡)𝑇

√𝑑
)

𝑖𝑗

     (6) 

where 𝐐(𝑡) and 𝐊(𝑡) are query and key matrices derived from node features, and 𝑑 is the feature dimension. The softmax 

operation is performed only over the top-𝑘 edges per node, determined by an importance score 𝐼𝑢𝑣
(𝑡): 

𝐼𝑢𝑣
(𝑡) =∥ 𝐡𝑢

(𝑡−1) − 𝐡𝑣
(𝑡−1) ∥2⋅ MLP(𝐞𝑢𝑣

(𝑡))     (7) 

Here, 𝐡𝑢
(𝑡−1)  represents the previous hidden state of node 𝑢 , 𝐞𝑢𝑣

(𝑡)  denotes edge features, and MLP is a multi-layer 
perceptron. The importance score merges structural proximity (Euclidean distance) with features specific to edges to 
evaluate the relevance of connections. 

The edge sampling adopts an online importance sampling approach, keeping a dynamic candidate pool ( C_v^(t) ) for 
every node. 

𝒞𝑣
(𝑡) = {𝑢 ∈ 𝒩(𝑣)|𝐼𝑢𝑣

(𝑡) > 𝜏(𝑡)}     (8) 

where 𝜏(𝑡) is an adaptive threshold updated via: 

𝜏(𝑡) = 𝜇𝜏(𝑡−1) + (1 − 𝜇)
1

|𝒱|
∑median

𝑣∈𝒱

({𝐼𝑢𝑣
(𝑡)}𝑢∈𝒩(𝑣))     (9) 

This threshold mechanism guarantees the retention of approximately 𝜌 fraction of edges, with 𝜌 being a target sparsity 
ratio. The moving average parameter 𝜇 controls how quickly the threshold adapts to changing graph dynamics. 

The resulting sparse adjacency matrix 𝐀̃(𝑡) contains only the selected edges: 

𝐀̃𝑖𝑗
(𝑡) = {

𝐀𝑖𝑗
(𝑡) if 𝑗 ∈ 𝒞𝑖

(𝑡)

0 otherwise
     (10) 

This sparsification reduces the computational complexity of graph attention operations from 𝑂(|ℰ|) to 𝑂(𝜌|ℰ|), where 
𝜌 ≪ 1 in typical transaction networks. The edge selection process is made differentiable by the Gumbel-Softmax trick 
[18], which permits end-to-end training alongside the remaining components of the model. 

The adaptive quality of this system keeps edges pertinent to new fraud trends intact while removing less useful 
connections. This is particularly crucial for fraud detection, where new attack patterns may initially manifest as subtle 
anomalies in the transaction graph before becoming more pronounced. The dynamic adjustment of importance scores 
and thresholds in real-time permits the model to adjust to changing graph structures without necessitating full 
retraining. 

4.3. T-GNN with Sparse Temporal Attention 

The temporal graph neural network (T-GNN) in DTP-MetaGNN handles the sparsified transaction graphs while 
retaining cognizance of changing fraud patterns. The architecture employs a gated recurrent unit (GRU) [19] to update 
node representations over time, coupled with sparse attention mechanisms to focus computation on relevant 
connections. 
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For each node 𝑣 at time 𝑡, the model computes an updated hidden state 𝐡𝑣
(𝑡) by combining information from its previous 

state 𝐡𝑣
(𝑡−1) and the aggregated neighborhood features from the sparsified graph 𝒢̃𝑡: 

𝐳𝑣
(𝑡) = 𝜎(𝐖𝑧[𝐡𝑣

(𝑡−1) ⊕ AGG(𝒢̃𝑡, 𝑣)])     (11) 

𝐫𝑣
(𝑡) = 𝜎(𝐖𝑟[𝐡𝑣

(𝑡−1) ⊕ AGG(𝒢̃𝑡, 𝑣)])     (12) 

𝐡̃𝑣
(𝑡) = tanh(𝐖ℎ[𝐫𝑣

(𝑡) ⊙𝐡𝑣
(𝑡−1) ⊕ AGG(𝒢̃𝑡 , 𝑣)])     (13) 

𝐡𝑣
(𝑡) = (1 − 𝐳𝑣

(𝑡))⊙ 𝐡𝑣
(𝑡−1) + 𝐳𝑣

(𝑡) ⊙ 𝐡̃𝑣
(𝑡)     (14) 

Here, 𝐳𝑣
(𝑡)  and 𝐫𝑣

(𝑡)  represent update and reset gates respectively, 𝐖∗  are learnable weight matrices, 𝜎  denotes the 

sigmoid function, and AGG(𝒢̃𝑡 , 𝑣)  aggregates features from node 𝑣 ’s neighborhood in the sparsified graph. The 

aggregation function uses the sparse attention weights 𝐀̃𝑖𝑗
(𝑡) from Equation 10: 

AGG(𝒢̃𝑡, 𝑣) = ∑ 𝐀̃𝑣𝑢
(𝑡)

𝑢∈𝒞𝑣
(𝑡)

𝐖𝑎𝐡𝑢
(𝑡−1)     (15) 

where 𝐖𝑎 transforms neighbor features before weighted combination. The sparse attention mechanism ensures that 
only the top-𝑘 most relevant connections contribute to the aggregation, significantly reducing computational overhead 
while maintaining model accuracy. 

The temporal attention mechanism advances this approach by including time-sensitive scoring for node pairs. 

𝐀𝑣𝑢
(𝑡) = softmax(

(𝐡𝑣
(𝑡−1)𝐖𝑞)(𝐡𝑢

(𝑡−1)𝐖𝑘 + 𝐩𝑡−𝑡𝑣𝑢)
𝑇

√𝑑
)      (16) 

where 𝐖𝑞 and 𝐖𝑘 project node features into query and key spaces, 𝑡𝑣𝑢 is the timestamp of the last transaction between 

𝑣 and 𝑢, and 𝐩𝑡−𝑡𝑣𝑢  is a temporal positional encoding that captures the recency of interactions. The softmax operation 

is applied only over the sampled neighborhood 𝒞𝑣
(𝑡), maintaining sparsity. 

This design permits the system to concurrently identify both the structural arrangements within the transaction 
network and their changes over time. The GRU update mechanism permits nodes to preserve pertinent historical data 
while integrating new evidence from recent transactions. The sparse attention mechanism achieves computational 
efficiency by concentrating on the most relevant connections, a feature especially vital for extensive transaction 
networks where the quantity of possible edges increases quadratically with the node count. 

The T-GNN’s capacity to handle dynamically sparsified graphs while retaining temporal awareness renders it especially 
appropriate for fraud detection, as both the network structure and fraudulent behaviors change continuously. The 
amalgamation of these elements and the meta-RL task prioritization outlined in Section 4.1 results in DTP-MetaGNN 
attaining both computational efficiency and the capacity to adjust to new fraud scenarios. 

4.4. Integration of Meta-RL with Multi-Task Graph Learning 

The DTP-MetaGNN framework integrates meta-reinforcement learning and multi-task graph learning by means of a 
unified optimization procedure. We formulate this integration by defining a composite loss function that simultaneously 
optimizes the meta-RL policy 𝜋𝜃 and the graph neural network parameters 𝜙: 

ℒtotal = 𝜆1ℒmeta + 𝜆2ℒRL + 𝜆3ℒreg     (17) 

where ℒmeta represents the meta-learning loss across tasks, ℒRL denotes the reinforcement learning policy gradient loss, 
and ℒreg  incorporates regularization terms. The coefficients 𝜆1 , 𝜆2 , and 𝜆3  control the relative importance of each 

component. 
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The meta-learning loss ℒmeta follows the MAML framework [14] but incorporates task weights 𝑤𝑡  from the meta-RL 
policy: 

ℒmeta =∑𝑤𝑡

𝑇

𝑡=1

𝔼𝒯𝑡[ℒ(𝜙 − 𝛼∇𝜙ℒ(𝒯𝑡; 𝜙); 𝒯𝑡′)]     (18) 

Here, 𝒯𝑡 and 𝒯𝑡′ denote the support and query sets for task 𝑡, 𝛼 is the inner-loop learning rate, and 𝑤𝑡 is the task weight 
produced by the policy 𝜋𝜃(𝐬𝑡). The policy gradient loss ℒRL uses the PPO objective: 

ℒRL = 𝔼𝑡[min(𝑟𝑡(𝜃)𝐴̂𝑡,clip(𝑟𝑡(𝜃), 1 − 𝜖, 1 + 𝜖)𝐴̂𝑡)]     (19) 

where 𝑟𝑡(𝜃) is the probability ratio between new and old policies, 𝐴̂𝑡  is the advantage estimate, and 𝜖  controls the 
clipping range. The advantage function merges both instant rewards and future value predictions. 

𝐴̂𝑡 =∑𝛾𝑙
𝐿−1

𝑙=0

𝑟𝑡+𝑙 + 𝛾𝐿𝑉𝜓(𝐬𝑡+𝐿) − 𝑉𝜓(𝐬𝑡)     (20) 

with 𝛾 as the discount factor and 𝑉𝜓 as the value function with parameters 𝜓. 

The joint training process alternates between updating the GNN parameters 𝜙 using Equation 18 and refining the policy 
parameters 𝜃 through Equation 19. This reciprocal process establishes a feedback cycle in which the policy acquires the 
ability to choose tasks optimizing the GNN’s educational advancement, while the GNN adjusts its models to aid improved 
task selection. The value function 𝑉𝜓 is trained to minimize: 

ℒvalue = 𝔼𝑡 [(𝑉𝜓(𝐬𝑡) − 𝑅𝑡)
2
]      (21) 

where 𝑅𝑡 = ∑ 𝛾𝑙𝐿−1
𝑙=0 𝑟𝑡+𝑙 is the discounted return. 

The regularization term ℒreg includes both L2 weight decay and a task diversity penalty: 

ℒreg =∥ 𝜙 ∥2
2 +∥ 𝜃 ∥2

2− 𝛽𝐻(𝜋𝜃)     (22) 

where 𝐻(𝜋𝜃) is the entropy of the policy distribution and 𝛽 controls the strength of entropy regularization. This term 
encourages exploration in task selection while preventing overfitting. 

The complete training algorithm proceeds as follows: 

• Sample a batch of tasks {𝒯𝑡}𝑡=1
𝐵  from the current task distribution 

• For each task, compute the state representation 𝐬𝑡 using Equation 3 
• Obtain task weights 𝑤𝑡 = 𝜋𝜃(𝐬𝑡) 
• Derive meta-updates by applying weighted gradients as specified in Equation 18. 
• The policy parameters θ are adjusted by applying PPO (Equation 19). 
• Update the value function parameters 𝜓 (Equation 21) 
• Apply regularization (Equation 22) 

The co-training method guarantees mutual improvement between the meta-reinforcement learning policy and the 
graph neural network. The policy acquires the ability to choose tasks yielding the highest learning signal for the GNN, 
while the GNN’s refined representations improve state estimation for the policy. The sparse attention mechanism 
(Section 4.2) and temporal graph processing (Section 4.3) function within this loop, which guarantees computational 
efficiency during the entire process. 

4.5. Volatility-Aware Reward Design 

The reward mechanism in DTP-MetaGNN is essential for aligning the meta-reinforcement learning strategy with the 
changing demands of fraud detection. We formulate the reward 𝑟𝑡  at time step 𝑡  as a composition of three key 
components: 
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𝑟𝑡 = 𝛼 ⋅ Precision𝑡 + 𝛽 ⋅ Novelty
𝑡
+ 𝛾 ⋅ Efficiency

𝑡
     (23) 

where Precision𝑡 measures detection accuracy, Novelty
𝑡
 quantifies exposure to emerging fraud patterns, and Effiency

𝑡
 

evaluates computational resource utilization. The coefficients 𝛼 , 𝛽 , and 𝛾  control the relative importance of each 
objective. 

The precision component follows the standard definition: 

Precision𝑡 =
TP𝑡

TP𝑡 + FP𝑡
     (24) 

where TP𝑡  and FP𝑡  represent true and false positives respectively. However, we modify this to account for class 
imbalance by weighting each fraud class according to its rarity: 

Precision𝑡 =∑𝑤𝑐

𝑐∈𝒞

⋅
TP𝑡

(𝑐)

TP𝑡
(𝑐) + FP𝑡

(𝑐)
     (25) 

Here, 𝒞 denotes the set of fraud classes and 𝑤𝑐 = 1/freq(𝑐) is the inverse frequency weight for class 𝑐. 

The novelty component captures the model’s exposure to emerging fraud patterns through two sub-measures: 

Novelty
𝑡
= TemporalDiv

𝑡
+ StructuralDiv𝑡     (26) 

Temporal diversity TemporalDiv
𝑡
 measures how recently the current task’s fraud patterns appeared: 

TemporalDiv
𝑡
=

1

|ℱ𝑡|
∑ exp

𝑓∈ℱ𝑡

(−𝜆 ⋅ age(𝑓))     (27) 

where ℱ𝑡 is the set of fraud patterns in task 𝑡, age(𝑓) is the time since pattern 𝑓 first appeared, and 𝜆 controls the decay 
rate. Structural diversity StructuralDiv𝑡 evaluates the uniqueness of the current task’s graph patterns: 

StructuralDiv𝑡 = 1 −
1

𝐾
∑max

𝑡′<𝑡

𝐾

𝑘=1

sim(𝒢𝑡, 𝒢𝑡′)     (28) 

where sim(⋅) computes graph similarity using Weisfeiler-Lehman kernel [20] and 𝐾 is a sliding window size. 

The efficiency component evaluates computational resource usage: 

Efficiency
𝑡
=

BaselineFLOPs

ActualFLOPs𝑡
⋅ 𝕀(Precision𝑡 ≥ 𝜏)     (29) 

where BaselineFLOPs is the computational cost without edge reduction, ActualFLOPs𝑡 is the current cost, and 𝕀(⋅) is an 
indicator function that ensures rewards are only given when precision meets threshold 𝜏. 

The full reward signal gives dense feedback to the meta-RL policy, which helps it acquire task selection strategies that 
balance multiple objectives. The precision component sustains detection accuracy, the novelty component fosters the 
discovery of new patterns, and the efficiency component supports computational economy. This complex incentive 
framework is essential for fraud detection mechanisms requiring strict adherence to performance standards while 
adjusting to emerging risks. 

The policy revision integrates these rewards by means of the advantage-weighted loss function. 

ℒpolicy = −𝔼𝑡[log𝜋𝜃(𝑎𝑡|𝐬𝑡)𝐴̂𝑡]     (30) 
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where 𝐴̂𝑡  is the generalized advantage estimate computed using Equations 19-20. The value function is trained to 
predict the expected return: 

𝑉𝜓(𝐬𝑡) = 𝔼 [∑𝛾𝑘
∞

𝑘=0

𝑟𝑡+𝑘 ∣ 𝐬𝑡]      (31) 

This reward structure permits the policy to autonomously modify its task selection approach in response to the 
prevailing fraud environment. When fraud patterns remain steady, the system will focus on improving the accuracy of 
detection. When new patterns arise, attention will move to tasks displaying elevated novelty metrics. During this 
procedure, the efficiency component guarantees computational resources are employed prudently. 

The volatility-aware nature of this reward mechanism addresses a key limitation of static fraud detection systems - their 
inability to automatically rebalance attention between known and emerging threats. By directly incentivizing 
engagement with unfamiliar patterns and optimal allocation of resources, DTP-MetaGNN sustains superior performance 
while adjusting to the dynamic nature of financial fraud. 

5. Experiments 

To assess the performance of DTP-MetaGNN, extensive experiments were carried out on real-world financial 
transaction datasets, with comparisons made to leading baselines across various metrics. Our experiments address 
three key questions: (1) How does the proposed framework perform compared to existing fraud detection methods? 
(2) How effective is the dynamic task prioritization mechanism? What are the computational advantages of edge 
reduction? 

5.1. Experimental Setup 

Datasets: Our method was assessed on three distinct financial transaction datasets, each with differing attributes. 

• FD-1M[21] : The dataset comprises one million transactions from an international payment processor, with a 
fraud incidence of 0.7% and 15 distinct types of fraudulent activity. The dataset spans 6 months with hourly 
snapshots. 

• TC-500K[22] : The dataset contains 500,000 credit card transactions spanning three months, with dynamic 
merchant associations and a fraud rate of 1.2%. 

• BT-200K[23] : The dataset contains 200,000 blockchain transactions with smart contract interactions, 
displaying intricate money laundering patterns (2.1% fraud rate). 
 

Baselines: We compared against five representative approaches: 

• GAS[24]: A graph attention network with static structure learning 
• T-GNN[25]: A temporal GNN baseline without meta-learning 
• Meta-GNN[26]: A meta-learning GNN with uniform task sampling 
• RGCN[27]: A relational GCN variant for fraud detection 
• EvolveGCN[10]: A dynamic GCN approach with weight evolution 

 

Metrics: We employed four evaluation metrics: 

AP = ∑ Precision

𝑛

𝑘=1

(𝑘)𝛥Recall(𝑘)     (32) 

F1 = 2 ⋅
Precision ⋅ Recall

Precision + Recall
     (33) 

Latency =
1

𝑇
∑ProcessingTime

𝑡

𝑇

𝑡=1

     (34) 
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Memory = max
𝑡

GPUUsage
𝑡
     (35) 

where AP refers to average precision (area under precision-recall curve), and latency/memory measure computational 
efficiency. 

Implementation Details: DTP-MetaGNN was implemented with PyTorch Geometric and trained on NVIDIA V100 GPUs. 
The meta-reinforcement learning algorithm employed a three-layer multilayer perceptron containing 256 units in its 
hidden layers. The T-GNN adopted 4 attention heads featuring embeddings of sixty-four dimensions. We set 𝛼 = 0.7, 
𝛽 = 0.2, 𝛾 = 0.1 in Equation 23, and 𝜌 = 0.3 for edge sparsity. The training procedure employed the Adam optimizer 
with a learning rate of 0.001. 

5.2. Performance Comparison 

Table 1 presents the fraud detection performance across all methods. DTP-MetaGNN achieves superior results on all 
datasets, with particular gains in AP (12.7% average improvement) and F1 (9.3% average improvement) over the 
strongest baseline. The performance difference increases on FD-1M, which comprises a greater variety of fraudulent 
patterns, indicating our approach’s superiority in managing intricate situations. 

Table 1 Fraud detection performance comparison 

Method FD-1M (AP/F1) TC-500K (AP/F1) BT-200K (AP/F1) 

GAS 0.742/0.681 0.763/0.702 0.718/0.654 

T-GNN 0.781/0.713 0.792/0.731 0.749/0.693 

Meta-GNN 0.803/0.735 0.817/0.752 0.771/0.712 

RGCN 0.768/0.704 0.778/0.719 0.732/0.678 

EvolveGCN 0.793/0.728 0.806/0.744 0.762/0.705 

DTP-MetaGNN 0.872/0.801 0.853/0.787 0.823/0.761 

Figure 2 displays the temporal dynamics of detection performance, which captures the progression of precision as novel 
fraud patterns arise. DTP-MetaGNN shows consistent results during phases of concept drift (indicated by gray bands), 
whereas baseline methods experience notable declines. This illustrates our approach’s capacity to adjust to changing 
fraudulent strategies. 

 

Figure 2 Change of fraud detection precision over time for different methods 

5.3. Analysis of Task Prioritization 

In examining the meta-RL policy’s behavior, we studied the correlation between task fraud volatility and allocated 
weights. Figure 3 displays a robust positive relationship (Pearson’s r=0.82), which substantiates that the policy 
effectively detects and ranks high-volatility tasks. The policy displays three clear patterns: (1) cautious weighting for 
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tasks with low volatility, (2) a proportional rise for intermediate volatility, and (3) intense amplification for high 
volatility scenarios. 

 

Figure 3 Relationship between task fraud volatility and task weight in DTP-MetaGNN 

We further examined the edge reduction mechanism’s effectiveness through attention score analysis. Figure 4 presents 
a comparison of attention distributions prior to and following sparsification, which indicates that the mechanism retains 
high-attention edges (top 30%) while eliminating noisy connections. The heatmap displays distinct block-diagonal 
arrangements aligned with identified fraud rings, which suggests the preservation of structural integrity. 
 

 

Figure 4 Edge attention scores before and after edge reduction 

5.4. Computational Efficiency 

Table 2 reports the computational metrics across methods. DTP-MetaGNN attains a 3.2× speedup in inference compared 
to T-GNN and a 2.7× decrease in memory consumption, while achieving greater accuracy. The efficiency gains come 
from two sources: (1) edge reduction decreases graph complexity, and (2) sparse attention reduces operation counts. 
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Table 2 Computational efficiency comparison 

Method Latency (ms) Memory (GB) AP 

GAS 58.2 5.1 0.742 

T-GNN 62.7 5.8 0.781 

Meta-GNN 67.3 6.2 0.803 

DTP-MetaGNN 19.4 2.1 0.872 

The ablation study in Table 3 quantifies individual component contributions. The elimination of task prioritization (-
TP) results in the greatest performance degradation on FD-1M (14.5% decrease in AP), whereas deactivating edge 
reduction (-ER) leads to a 2.8-fold rise in latency. The full model achieves the best balance across all metrics. 

Table 3 Ablation study on FD-1M dataset 

Variant AP F1 Latency (ms) 

Full model 0.872 0.801 19.4 

-TP 0.746 0.682 18.9 

-ER 0.853 0.784 54.3 

-SparseAttn 0.827 0.761 42.7 

-MetaRL 0.791 0.726 21.5 

6. Discussion and Future Work 

6.1. Limitations of DTP-MetaGNN and Future Improvements 

Although DTP-MetaGNN shows robust capabilities in detecting dynamic fraud, a number of constraints merit 
examination. First, the current edge reduction mechanism relies heavily on local neighborhood structures, which may 
overlook important long-range dependencies in certain fraud patterns. Subsequent research may integrate worldwide 
network attributes into the significance assessment metric, possibly by employing layered attention frameworks [28]. 
Second, the state depiction of the meta-RL policy presently centers on temporal volatility metrics but could be improved 
by adding domain-relevant attributes such as distributions of transaction amounts or geographic trends. 

The framework’s computational efficiency, though improved through sparsification, still faces challenges when scaling 
to ultra-large transaction networks (e.g., >100M edges). Potential solutions include developing distributed versions of 
the edge reduction algorithm or investigating more aggressive sampling strategies inspired by graph condensation 
techniques [29]. Moreover, the existing approach presumes that fraud labels are accessible during meta-training, a 
condition that may not apply in practical settings where label availability is delayed. Extensions based on contrastive 
learning in a semi-supervised framework [30] may aid in narrowing this disparity. 

6.2. Potential Application Scenarios of DTP-MetaGNN 

Apart from identifying financial fraud, the DTP-MetaGNN framework holds potential for multiple adjacent fields that 
necessitate the examination of evolving graph structures. In cybersecurity, the method could adjust to changing attack 
patterns within network traffic graphs, where edge reduction would aid in concentrating on potentially malicious 
communication links. The healthcare sector presents another persuasive application—identifying irregular trends in 
changing patient-provider networks while addressing the natural sparseness of medical claims records. 

The meta-RL component’s ability to prioritize high-impact tasks makes the framework particularly suitable for 
applications with concept drift and resource constraints. For instance, in e-commerce fraud detection, the system could 
automatically shift focus between emerging scams (e.g., account takeovers vs. promo abuse) based on real-time threat 
assessments. Another possible use is in regulatory compliance oversight, where the system could adjust to shifting 
money laundering methods while preserving auditability by means of understandable attention weights. 
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6.3. Ethical Considerations in Fraud Detection using DTP-MetaGNN 

Implementing automated fraud detection systems poses critical ethical issues that require thorough examination. First, 
the edge reduction mechanism, while improving efficiency, could potentially introduce bias if certain transaction types 
are systematically pruned. Subsequent research ought to explore fairness-aware sparsification methods which retain 
connections for historically marginalized groups [31]. Second, the meta-RL policy’s reward function currently optimizes 
for detection performance without explicit constraints on false positive rates, which could lead to over-flagging of 
legitimate transactions from certain demographic groups. 

Privacy preservation presents another critical challenge, as the framework processes sensitive financial data. Although 
the present system functions with centralized data, federated learning approaches [32] could make joint training 
possible among different organizations without exchanging original datasets. Furthermore, the model’s reasoning must 
be transparent to adhere to legal requirements such as the GDPR’s provision for explanatory rights, a domain where 
visualizing attention weights and employing counterfactual explanation techniques [33] can be applied. 
The dynamic nature of the framework also introduces unique accountability challenges. In contrast to static models, 
DTP-MetaGNN dynamically adjusts its behavior, which underscores the necessity of deploying reliable versioning and 
logging systems. Subsequent versions ought to contain systems for monitoring model progression and permitting 
reversion to earlier iterations in cases of unforeseen behaviors. These points underscore the necessity for collaboration 
across disciplines among specialists in machine learning, subject matter authorities, and governance officials when 
implementing such systems in operational settings. 

7. Conclusion 

The DTP-MetaGNN framework presents a major progress in dynamic fraud detection by merging meta-reinforcement 
learning with adaptive graph processing. The system’s capacity to focus on high-impact tasks while preserving 
computational efficiency by intelligently reducing edge cases tackles primary constraints of current methods. 
Experimental findings show steady gains in detection precision across varied financial datasets, excelling especially in 
managing concept drift situations. The framework’s design tenets - merging task-aware meta-learning with structural 
sparsification - present a model for creating flexible yet resource-conscious graph-based systems. Although existing 
implementations display encouraging outcomes, the methodology’s adaptability permits various expansions, ranging 
from the inclusion of global graph attributes to the adoption of federated learning frameworks. The ethical dimensions 
of automated fraud detection underscore the importance of continued research into fairness, interpretability, and 
accountability as these systems become more prevalent. Subsequent research ought to investigate the framework’s 
potential for wider anomaly detection challenges while preserving its key advantages in adaptive dynamics and efficient 
computation. By embedding these functionalities, DTP-MetaGNN emerges as a critical asset for financial entities and 
similar bodies confronting dynamic fraud risks within intricate transactional frameworks. 
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