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Abstract

This paper proposes a knowledge-graph-guided generative detection model to address the
challenges of complex feature associations, hidden behavioral patterns, and sparse semantic
information in financial fraud detection. The study maps multi-source heterogeneous data, such as
accounts, transactions, devices, and geographic information, into a knowledge graph structure to
model semantic dependencies and behavioral relationships among financial entities at both node and
relation levels. Based on this, the model introduces a relation-aware encoder to obtain high-
dimensional structural embeddings and employs a generative reasoning mechanism to learn the
distribution of latent fraud patterns, enabling semantic identification of complex risk behaviors
without relying on fixed rules. During generation, the method integrates knowledge constraints and
structural priors, allowing the model to reconstruct potential fraud chains from a global semantic
perspective and significantly enhance interpretability and generalization. Validation on real
transaction datasets shows that the model outperforms comparison methods in AUC, ACC, Precision,
and Recall, demonstrating the effectiveness of the knowledge-enhanced generative framework in
capturing cross-entity dependencies and dynamic risk relationships. Overall, the proposed
knowledge-graph-guided generative detection model achieves a unified framework of structural
modeling, semantic reasoning, and anomaly generation, providing a new systematic solution for the
intelligent detection of complex financial fraud behaviors. CCS CONCEPTS: Computing
methodologies~Machine learning~Machine learning approaches.

Keywords: knowledge graph; generative model; financial fraud detection; semantic reasoning

1. Introduction

The forms of financial fraud are constantly evolving. They have expanded from traditional
forgery, money laundering, and fake transactions to modern intelligent fraud that relies on
algorithmic manipulation and cross-platform concealment. Their complexity and invisibility have
exceeded the capability of traditional detection methods. With the rapid development of financial
digitalization and online trading ecosystems, transaction behavior, account relationships, device
information, and external environmental data have become multi-dimensional, dynamic, and
heterogeneous. Traditional rule-based or supervised models often depend on static features and fixed
patterns, making them incapable of capturing cross-domain fraud paths or hidden semantic
associations. In this context, building models that can understand, associate, and reason over complex
financial semantics becomes a critical challenge. The knowledge graph, with its unique advantage in
structurally representing entity relationships and uncovering latent semantic networks, provides a
new direction for generative fraud detection [1].

A knowledge graph constructs a semantic network of entities and relations, bringing structured
semantics into financial transaction data [2-4]. It can describe explicit connections among accounts,
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institutions, and transaction behaviors, and also reveal hidden indirect dependencies and potential
collusion through its graph structure. For example, in a complex financial system, account
registration details, geographic locations, device fingerprints, and fund flows can be unified under
one graph representation to model multi-dimensional behavioral trajectories. This semantic
enhancement allows the model to go beyond local feature matching and reason about the formation
logic of fraud chains at a global level. Combined with the expressive and inferential power of
generative models, graph-guided learning can dynamically generate potential fraud patterns or
transaction reasoning paths, enabling higher interpretability and adaptive detection [5].

In traditional financial risk control systems, models are designed to identify anomalies or classify
risks rather than to understand the semantics or structural logic behind them. As a result, most
models struggle with poor transferability and weak generalization when facing emerging fraud
strategies. The introduction of a knowledge-graph-guided generative detection framework provides
a potential solution. By guiding the generative model with graph structures to learn semantic
dependencies and causal relations among entities, the model can extract patterns from historical data
and generate new reasoning paths and risk explanations based on knowledge associations. This shift
enables a transition from “recognition” to “understanding.” Fraud detection thus moves from passive
reaction to proactive perception, allowing potential risks to be predicted even under incomplete
information or limited samples [6].

Moreover, the integration of knowledge graphs and generative models has significant systemic
and industrial value [7-9]. In financial regulation and compliance analysis, model outputs must be
interpretable and traceable, yet traditional deep learning models often act as “black boxes.” A
knowledge-graph-guided generative detection model can provide transparent reasoning chains,
such as generating behavioral descriptions from transaction features and mapping them onto
interpretable paths within the graph. This mechanism enables risk tracing and logical transparency,
improving the credibility and regulatory compliance of the model in practice. It also supports the
development of regulatory technology and intelligent risk control systems, promoting a shift from
rule-driven to semantic-driven financial security [10].

Overall, research on knowledge-graph-guided generative financial fraud detection represents
not only an extension of existing risk identification methods but also a new paradigm of “semantic
reasoning and generative understanding” in financial intelligence. It breaks through the limitations
of static feature learning and isolated decision-making, achieving deep integration between
knowledge enhancement and generative reasoning. This approach provides new intelligent solutions
for key financial applications such as high-risk identification, anti-money-laundering monitoring,
and cross-border fund tracking. Its value lies not only in improving detection accuracy but also in
advancing financial technology toward interpretability, security, and intelligence, laying a theoretical
and technical foundation for building trustworthy, transparent, and adaptive financial safety systems.

2. Related Work

Research on knowledge-structured modeling and graph-based learning provides a foundation
for semantic financial fraud detection. Knowledge-graph-integrated neural models embed entities
and relations into a structured representation space and couple graph semantics with deep neural
networks, showing that explicitly modeling relationship structure can significantly improve fraud
detection performance over flat feature inputs [11]. Building on this idea, two-layer knowledge graph
architectures have been proposed for explainable fraud detection, where multi-level graph structures
and relationship hierarchies are used to generate interpretable reasoning paths and highlight key
entities and links behind suspicious behaviors [12]. From the perspective of graph quality and
modeling assumptions, studies on scale regularization in fraud graphs analyze how controlling
graph size and structural properties affects model generalization, stability, and sensitivity to
fraudulent substructures [13]. These works suggest that knowledge graphs, when tightly integrated
with deep models, are powerful carriers of structural priors for risk modeling, and they motivate
guiding generative detection with graph semantics.
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Graph neural networks and temporal models extend structural modeling to dynamic, high-
dimensional environments. Graph-based classification frameworks learn node and graph
embeddings by message passing and neighborhood aggregation, capturing high-order dependencies
in interaction graphs [14]. Structural-temporal graph models combine graph neural networks with
temporal modules to encode both structural correlations and time-evolving behaviors, yielding
improved anomaly detection performance on key performance indicator streams and other complex
sequences [15]. Transformer-based anomaly detection and risk monitoring further leverage self-
attention to model local and global dependencies, and can incorporate graph-structured connectivity
or multi-scale temporal windows to better capture evolving risk signals [16,17]. Reconstruction-based
anomaly detection with autoencoders learns compact latent encodings of normal operational
processes and uses reconstruction error as an anomaly signal, providing a generative baseline for
unsupervised detection in high-dimensional workflows [18]. In parallel, transformer-based risk
monitoring architectures that integrate transaction graphs have illustrated how attention
mechanisms and graph representations can be combined to model complex transaction networks and
risk flows [19]. Together, these approaches support the structural and temporal design choices in the
proposed model, which uses a relation-aware encoder and generative reasoning over a knowledge
graph structure.

Robust representation learning techniques further enhance the ability to capture subtle
dependencies and distributional changes relevant to fraud. Contrastive learning—based dependency
modeling trains encoders to pull semantically consistent behaviors closer and push inconsistent ones
apart, improving the sensitivity of learned representations to rare deviations and structural
anomalies [20]. Extensions that couple contrastive learning with sensitivity analysis systematically
examine how representations respond to perturbations, leading to more stable anomaly detection
pipelines under hyperparameter and data shifts [21]. Attention-based time-series prediction models
use attention mechanisms over temporal contexts to focus on salient time steps and nonlinear
dependencies, which is important for modeling evolving risk signals in sequential data [22]. Methods
that integrate causal inference into predictive models show how structural assumptions and bias-
correction strategies can reduce spurious correlations and improve robustness when exposure or
selection effects are present [23]. These ideas —dependency-aware learning, perturbation robustness,
temporal attention, and causality-informed modeling—align with the goal of the proposed
knowledge-graph-guided generative model: to represent latent fraud patterns in a way that is both
expressive and robust to evolving behaviors and distribution shifts.

Recent work on large-scale models, reinforcement learning, and multi-agent systems offers
complementary insights for structure-aware decision systems. Context compression and structural
representation techniques for large language models design mechanisms to reduce redundant
context while preserving essential structural cues, producing compact and semantically rich
representations that support downstream reasoning and generation [24]. Deep Q-learning has been
used to model workflow dynamics and learn policies over multi-step processes, demonstrating that
reinforcement learning can capture sequential decision structures and adapt to changing operational
conditions [25]. Multi-objective deep reinforcement learning extends this perspective by jointly
optimizing several performance criteria under dynamic workloads and constraints, showing how
adaptive policies can be learned in complex environments [26]. Multi-agent systems driven by large
language models study modular task decomposition and dynamic collaboration, where subtasks are
assigned to specialized agents and coordination emerges through communication and shared
objectives [27]. Methodologically, these works emphasize structural priors, modularization, and
learned coordination as key ingredients for complex decision-making systems. The knowledge-
graph-guided generative detection model in this paper follows a similar philosophy by encoding
structural priors through knowledge graphs, using a relation-aware encoder to obtain structural
embeddings, and introducing generative reasoning constrained by graph semantics to learn latent
fraud distributions and reconstruct potential fraud chains. In doing so, it unifies structural modeling,
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semantic reasoning, and anomaly generation into a single framework tailored to complex financial
fraud detection.

3. Method

In this study, we apply a generative financial fraud detection approach guided by knowledge
graphs, aiming to address the challenges of complex feature interactions, dynamic risk patterns, and
limited semantic information in real-world financial transaction data. The framework is designed to
integrate semantic relationship modeling with generative reasoning, allowing for a comprehensive
understanding and inference of both observed and potential fraud behaviors.

At the core of the approach, the model first constructs a knowledge graph that organizes multi-
source heterogeneous entities, including accounts, transactions, devices, and geographic locations,
into a unified structure. These entities and their interactions are encoded as triples, effectively
mapping the semantic and behavioral relationships that underpin financial operations. In
constructing this knowledge graph, we adopt the dynamic and data-aware multi-agent graph
construction techniques from Ying et al. [28], ensuring that temporal evolution and adaptive risk
factors are captured in the network representation. This enables the graph to flexibly accommodate
emerging entities, evolving connections, and shifting fraud tactics.

To further strengthen the graph’s capacity for abnormal behavior discrimination, the framework
utilizes federated risk discrimination mechanisms [29], which allow for collaborative anomaly
identification across distributed data sources while protecting privacy and maintaining robustness
against sample imbalance. Additionally, the representation of nodes and relations within the graph
is enhanced through attention-based sequential modeling as outlined by Li et al. [30], facilitating the
extraction of salient patterns in sequential financial activities. The model also incorporates improved
structure-aware sequence modeling from Xu et al. [31], enabling fine-grained distinction between
normal and fraudulent transaction trajectories by capturing higher-order dependencies and semantic
nuances. Letting E denote the entity set and R the relationship set, the knowledge graph structure can
be formally defined as:

G ={(h,r,t)|h,te E,reR} 1)

Here, h and t represent the head and tail entities, respectively, and r represents the relationship
between entities. Through this structured representation, the model can capture multi-level semantic
information about account associations and behavioral dependencies, providing graph structure
priors for subsequent generative detection. The model architecture is shown in Figure 1.
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Figure 1. Overall model architecture diagram.

In the graph structure representation stage, the model uses a relation-aware embedding
mechanism to encode nodes and edges to learn differentiable semantic vector representations. For
any node i, its representation update can be formalized as:

hi(1+1) :O_( Z aigr)w(r)hgl))

JeN()

)

(r)
- ()
represents the set of neighbors of nodei, ¥ is the relationship weight, W isthe

where N@)
transformation matrix corresponding to the relationship type, and o() is the nonlinear activation
function. Through the relationship self-attention mechanism, the model can achieve selective
semantic propagation in heterogeneous structures, enabling node representations to combine
structural dependencies with semantic constraints, effectively modeling multidimensional financial
interactions.

In the generative reasoning stage, the model introduces a conditional generation mechanism,
using knowledge graph embedding as a priori to guide the generator to learn the distribution
characteristics of potential fraudulent behaviors. The generation process can be formalized as follows:

z~ p(Z)a X= G(ZaHG) 3)

where Z represents the latent variable, Hg represents the graph structure embedding, and GO
is the generative mapping function. The model models the latent distribution of account interactions
and fund flows in the generative space to capture the generative logic of anomalous behavior. By
leveraging the structural semantic constraints provided by the knowledge graph, the generator can
generate behavioral patterns that conform to financial logic, enabling the inference and identification
of fraudulent patterns without relying on explicit labels.

4. Experimental Results
4.1. Dataset

This study uses the IEEE-CIS Fraud Detection Dataset as the primary source of experimental
data. The dataset consists of real online transaction records and is widely used in research on financial
risk identification and fraud detection. It covers multiple dimensions such as transaction behavior,
account characteristics, device information, and network environment. The dataset contains about
5.9 million transaction samples, including a large number of labeled fraud and non-fraud cases. It
features high-dimensional sparse data and an imbalanced class distribution. Each transaction record
includes fields such as timestamp, transaction amount, payment method, account relationships, and
device identifiers, providing rich semantic and structured information for studying complex financial
behaviors.

A notable characteristic of this dataset is its multimodal and heterogeneous nature. In addition
to basic numerical and categorical variables, it contains many anonymized derived features that
reveal potential connections and behavioral patterns among different transaction entities. For
example, device fingerprints and network domain fields can model cross-account login relationships,
while address and email prefix fields contain implicit social relationship information. This
multidimensional and heterogeneous feature structure provides a solid data foundation for
constructing knowledge graphs, allowing the model to learn semantic associations and behavioral
dependencies among entities at a higher level.

In addition, the dataset spans a long period of time and covers multiple temporal and contextual
scenarios, reflecting dynamic changes in market conditions and user behaviors. This characteristic
helps evaluate the model’s adaptability in non-stationary financial environments. By graph-based
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modeling of transaction records and semantic association mining, the study can comprehensively
capture the structural features and potential propagation paths of fraudulent behaviors. This
provides realistic, complex, and representative data support for the development of knowledge-
graph-guided generative financial fraud detection models.

4.2. Experimental Results

This paper first gives the results of the comparative experiment, as shown in Table 1.

Table 1. Comparative experimental results.

Model AUC ACC Precision Recall
Transformer [32] 0.931 0.902 0.887 0.864
VAE [33] 0.918 0.889 0.875 0.853
GAN [34] 0.924 0.896 0.880 0.861
WGAN [35] 0.936 0.911 0.892 0.875
Ours 0.957 0.928 0.911 0.898

From the overall results, the proposed knowledge-graph-guided generative financial fraud
detection model outperforms all comparison methods across multiple metrics, with particularly
strong performance in AUC and ACC. Compared with traditional generative models, the proposed
model introduces structured knowledge constraints into the feature space, enabling it to maintain
high confidence under complex transaction patterns. The AUC value of 0.957 indicates a stronger
discriminative ability in distinguishing fraudulent and normal transactions, while the ACC value of
0.928 further confirms the model’s stability and generalization capability. These results demonstrate
that the knowledge-guided mechanism effectively enhances global semantic consistency in feature
representation and pattern generation, improving the overall efficiency of risk identification.

A further comparison of Precision and Recall shows that the proposed approach achieves a
better balance between the two metrics. Traditional generative models, such as GAN and WGAN,
can capture certain latent features of fraudulent samples but often suffer from low recall due to the
lack of semantic relational modeling. By introducing knowledge graph embeddings in the generative
stage, the proposed model produces latent sample spaces that better align with real-world financial
semantics. As a result, Recall improves significantly, reaching 0.898. This indicates that the model can
effectively identify more potential risky transactions in complex and dynamic fraud scenarios,
reducing missed detections and demonstrating strong adaptive and structural reasoning capabilities.

Overall, the proposed model maintains high precision while significantly enhancing its ability
to model multidimensional relationships and cross-entity dependencies. This knowledge-graph-
guided generative detection framework breaks through the limitations of traditional models that rely
only on statistical features or deep representations. It allows the model to understand the generative
mechanism of fraudulent behavior from both structural and semantic perspectives. The results verify
the effectiveness of semantic constraints in generative modeling, showing that the model remains
robust in complex and non-stationary financial environments. This reflects not only the theoretical
innovation of the method but also provides a new technical pathway for building interpretable and
scalable financial risk control systems.

This paper also presents an experiment on the sensitivity of knowledge graph embedding
dimension to Recall, and the experimental results are shown in Figure 2.

From the results shown in the figure, it can be observed that the change in knowledge graph
embedding dimension has a significant impact on the model’s recall performance. When the
embedding dimension is low (such as 32 or 64), the Recall value is relatively small, indicating that
the semantic representation ability of the graph structure is insufficient to capture the complex
relationships among financial transaction entities. Because the embedding space is too small, the
diversity of entity features and the richness of interaction semantics are limited. As a result, the model
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struggles to reconstruct potential fraud patterns during the generation stage, leading to reduced
capability in identifying risky samples.

0.910

0.900
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0.880
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200 32 64 128 256 512

Embedding Dimension
Figure 2. Experiment on the sensitivity of the knowledge graph embedding dimension to recall.

When the embedding dimension increases to 128, the model achieves its peak Recall, suggesting
that the semantic alignment between knowledge representation and generative reasoning is most
effective at this scale. Higher-dimensional embeddings preserve richer semantic associations and
contextual structures of nodes, allowing the generative model to learn more comprehensive features
of fraudulent behavior in the latent space. This result shows that moderately increasing the
representation capacity of the knowledge graph enhances the model’s ability for risk perception and
behavioral interpretation, thereby improving robustness in complex financial environments.

When the embedding dimension increases further (such as 256 or 512), the Recall slightly
declines. This is mainly because high-dimensional embeddings introduce redundant features and
noise, leading to sparse semantic distributions and weakening the discriminative boundaries of
representations in the latent space. An excessively large feature space not only increases
computational complexity but may also cause overfitting, resulting in unstable performance on
unseen samples. This trend indicates that higher embedding dimensions do not necessarily yield
better results, and a balance must be achieved between representational capacity and structural
constraints.

Overall, this experiment verifies the crucial role of the knowledge representation dimension in
generative financial fraud detection. An appropriate embedding scale can significantly enhance the
model’s semantic modeling ability and accuracy in capturing fraudulent behaviors, while dimensions
that are too low or too high may disrupt the synergy between the generative model and the
knowledge graph. Therefore, model design should consider the complexity of financial data and the
density of graph structures to determine the optimal embedding dimension, achieving a dynamic
balance between high recall and stable detection performance.

5. Conclusions

This paper proposes a knowledge-graph-guided generative financial fraud detection model. By
introducing structured semantic constraints into the generative framework, the model achieves deep
modeling of complex financial relationships and generative reasoning of potential risk patterns. The
method maps multi-source heterogeneous transaction data into a knowledge graph space, allowing
the model to explicitly capture the logical associations among accounts, devices, and fund flows
during feature learning. This effectively addresses the limitations of traditional deep learning models
in relational reasoning and semantic interpretation. The results show that this strategy, which
combines generative modeling and knowledge enhancement, maintains stable detection
performance under non-stationary and noisy environments, providing a new intelligent paradigm
for financial risk control systems.
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From a methodological perspective, the core contribution of this study lies in realizing a
knowledge-driven generative reasoning mechanism. By embedding the knowledge graph as a prior
constraint within the generative model, the system can generate potential fraud patterns and provide
semantic-level behavioral explanations even when transaction samples are missing or ambiguous.
This mechanism not only enhances the model’s generalization and adaptability but also extends
fraud detection from traditional pattern recognition to semantic understanding and causal reasoning.
The proposed framework is highly scalable and can be applied to various financial scenarios,
including cross-platform transaction monitoring, payment system security assessment, and credit
risk management.

At the practical level, the proposed model has significant implications for building trustworthy
and interpretable financial risk control systems. Guided by the knowledge graph, the generative
model can not only identify high-risk behaviors but also trace their causes and propagation paths,
providing transparent decision support for regulatory agencies and financial institutions. Moreover,
the model’s structure is highly generalizable and can be transferred to related areas such as insurance
fraud detection, anti-money-laundering monitoring, and blockchain security analysis. Through the
integration of structured knowledge and generative reasoning, the framework offers both theoretical
foundations and technical support for research on automation and interpretability in intelligent
financial security.

Future research can be further extended in several directions. One direction is to introduce
temporal knowledge graphs and dynamic generation mechanisms to improve the model’s ability to
capture long-term dependencies and cross-period risk patterns. Another is to combine causal
representation learning and uncertainty estimation to achieve more precise modeling of high-
dimensional financial semantics. In addition, integrating generative fraud detection with large-scale
pre-trained language models or multimodal knowledge systems may help overcome the limitations
of traditional financial risk control models in data sparsity, cross-domain transfer, and
interpretability. Overall, this study provides a sustainable technological pathway for intelligent
financial security and lays an important foundation for building future risk control systems that are
trustworthy, transparent, and adaptive.
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