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Abstract
Credit card fraud threatens global payment ecosys-
tems, causing billions in losses and undermining
public trust. Efficient fraud detection remains chal-
lenging due to surging transaction volumes and
evolving tactics. While Graph Neural Networks
(GNNs) excel at modeling structural relationships,
they struggle in real-world scenarios characterized
by label scarcity and often overlook discrimina-
tive feature-level signals, leaving rich risk sig-
nals underutilized without costly manual engineer-
ing. To address this, we propose DRESS, a Deep
Reinforcement Learning (DRL) Enhanced Semi-
supervised GNN framework. It employs a DRL
agent to automatically capture and enhance feature-
level risks, fusing them with graph-based structural
risks and propagating via a gated temporal atten-
tion network for final prediction. To mitigate in-
efficient exploration of the DRL module, we in-
corporate a feature self-attention layer to weigh
feature contributions to fraud detection and em-
ploy self-supervised intrinsic rewards to help op-
timize the DRL module efficiently. Extensive ex-
periments on real-world datasets demonstrate that
DRESS outperforms state-of-the-art methods, es-
pecially in low-label scenarios with only 2%–10%
labeled samples. By empowering resource-limited
institutions to combat fraud and prevent financial
loss, DRESS secures the digital trust essential for
inclusive growth, contributing to AI for poverty al-
leviation and economic development.

1 Introduction
With the rapid development of financial technologies, trans-
actions have become increasingly frequent and complex,
while fraud grows more covert and diverse [AlFalahi and
Nobanee, 2024]. As a major financial crime, credit card
fraud—involving unauthorized use of funds via theft, skim-
ming, or phishing—has evolved into organized, concealed
operations, making detection difficult [PricewaterhouseC-
oopers, 2024]. Causing billions in annual global losses, these
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Figure 1: Typical framework of credit card fraud detection.

activities severely undermine user confidence and financial
security. Consequently, effective fraud detection has become
an urgent task for financial institutions.

A typical framework for credit card fraud detection [Cheng
et al., 2020a] is shown in Figure 1. A key part of the
framework is the predictive model, which has evolved from
rule-based systems [K.R. and Zareapoor, 2014] and tradi-
tional machine learning [Fu et al., 2016; Hu et al., 2019]
to modern deep learning approaches [Liu et al., 2020]. Re-
cently, Graph Neural Networks (GNNs) have emerged as
a powerful paradigm for modeling relational data and have
achieved promising results in fraud detection [Yu et al., 2025;
Liu et al., 2026]. In credit card transaction networks, transac-
tions are represented as nodes and their correlation as edges.
GNNs propagate and aggregate information from neighbor-
ing nodes to improve node representations.

In real-world settings, labeled data constitute only a small
fraction of transactions, while abundant unlabeled data can be
used to improve detection [Tian et al., 2023]. To address this,
semi-supervised GNNs have been proposed, which leverage
unlabeled data by exploiting the similarity and correlations
between nodes [Yu et al., 2024]. Meanwhile, as illustrated in
Figure 1, feature engineering also plays a critical role in the
detection pipeline. It primarily involves exploring risk signals
from raw features and generating new features for each trans-
action (i.e. each node) —a process that is highly valuable yet
labor-intensive [Nargesian et al., 2017]. Thus, it would be
beneficial for a model to derive additional features that con-
tain risk information from raw features autonomously. How-
ever, existing semi-supervised GNNs predominantly focus on
propagating risk signals between nodes, partially neglecting
intra-node feature fraud patterns. This limits their ability to
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detect subtle yet critical fraudulent transactions that do not
exhibit strong relational signals.

Recently, Deep Reinforcement Learning (DRL) has gained
attention in semi-supervised fraud detection, owing to its abil-
ity to learn optimal decision-making policies via interaction
with the environment [Bei et al., 2023; Li et al., 2024]. Suc-
cessful applications, such as CARE-GNN [Dou et al., 2020],
utilize RL to dynamically filter structural neighbors for ag-
gregation. To address the aforementioned limitation of un-
derutilized feature-level patterns, we extend this intuition to
feature space. Here, DRL is employed to autonomously learn
an optimal derivation scheme via trial-and-error, construct-
ing risk-enriched representations from raw attributes to en-
hance intra-node information for GNN propagation. Existing
DRL-based approaches operating in the feature space typi-
cally model node features as states and leverage sparse la-
bels to construct reward signals [Zha et al., 2020]. However,
these methods face two constraints that hinder their practi-
cal effectiveness: (1) they treat all features equally, ignoring
their differential contributions to fraud detection [Pang et al.,
2021], leading to inefficient action space exploration; (2) their
reward designs heavily rely on labels [Zha et al., 2020], re-
sulting in weak reward signals in real-world settings where
labeled samples are extremely limited.

To address these challenges, we propose DRESS, Deep
Reinforcement Learning Enhanced Semi- supervised Graph
Neural Network for Fraud Detection, a novel framework that
combines GNNs with deep reinforcement learning to better
leverage unlabeled data. We first introduce a feature risk
extractor, employing the Deep Q-Network (DQN) [Mnih et
al., 2015] framework to automatically extract and amplify
fraud signals embedded within node features. Recognizing
that different features contribute unevenly to fraud detec-
tion, we further incorporate a feature self-attention layer to
learn feature-specific contributions, based on which we con-
struct a self-supervised intrinsic reward to enhance the effi-
ciency of DQN in risk information extraction. Meanwhile,
inspired by RGTAN [Xiang et al., 2025], we acknowledge
the risk-related information inherent in graph structures and
introduce a graph-based risk information extractor to quan-
tify node degree and risk neighbor count. Finally, feature-
derived risks, graph-structural risks, and node features are
fused through a gated temporal attention network (TGAT)
[Xiang et al., 2023] for message passing and node classifi-
cation. Through our proposed framework, the fraud signals
in all nodes—particularly the abundant unlabeled ones—are
effectively amplified. This enhancement enables more effi-
cient utilization of unlabeled node information for neighbor
aggregation and fraud detection tasks.

Our contributions are summarized as follows:
• We propose DRESS, a deep reinforcement learning en-

hanced semi-supervised GNN that automatically ex-
plores and amplifies intrinsic risk patterns within node
features, addressing under-utilization of unlabeled sam-
ples in GNNs to improve fraud detection performance.

• We introduce a feature self-attention layer and an in-
trinsic reward to accelerate RL policy learning under la-
bel scarcity. Empirical results demonstrate 37.5%-51%

training efficiency gains through this mechanism.
• Extensive experiments on real-world datasets demon-

strate DRESS outperforms state-of-the-art baselines,
and remains superior performance in extreme semi-
supervised scenarios with only 2%–10% labeled data.

• Conducted in collaboration with a leading financial in-
stitution, this work incorporates a dataset spanning 10
months of transactions. Validated by the partner’s fraud
analysts and data scientists for effectiveness and deploy-
ability, our approach lowers barriers to advanced AI
safeguards, offering practical technical support to safe-
guard user assets and ensure digital ecosystem stability.

2 Related Work
2.1 Semi-supervised GNNs for Fraud Detection
Graph Neural Networks (GNNs) have excelled in fraud de-
tection by modeling transaction structures and filtering ma-
licious neighbors [Liu et al., 2021; Zou and Cheng, 2024;
Duan et al., 2024; Liu et al., 2025; Wu et al., 2025]. To mit-
igate real-world label scarcity, semi-supervised variants were
developed to facilitate risk propagation across unlabeled data:
SemiGNN [Wang et al., 2019] employs multi-view attention
to link semantically similar nodes; GTAN [Xiang et al., 2023]
utilizes attribute similarity to guide risk flow; and RGTAN
[Xiang et al., 2025] further incorporates risk-aware structural
attributes. However, these approaches predominantly focus
on inter-node structural propagation, often overlooking the
discriminative intra-node feature signals embedded within in-
dividual transactions, leading to insufficient exploitation of
abundant unlabeled data. Although DevNet [Pang et al.,
2019] considers feature-level risks, it relies on rigid distri-
butional assumptions. In contrast, our method DRESS ad-
dresses these limitations by integrating structural risk prop-
agation with a deep reinforcement learning mechanism that
autonomously discovers and amplifies feature-inherent risk
patterns. This combined approach enhances semi-supervised
GNNs without prior constraints, enabling more comprehen-
sive utilization of unlabeled data.

2.2 DRL for Semi-supervised Fraud Detection
While semi-supervised GNNs effectively propagate risk, their
aggregation often obscures discriminative intra-node pat-
terns. Deep Reinforcement Learning (DRL), with its label-
free policy optimization, circumvents the structural reliance
of traditional GNNs, enabling dynamic feature exploration
that is particularly suitable for label-scarce scenarios [Peng
et al., 2024; Heidari et al., 2024]. Several studies have inte-
grated DRL into semi-supervised anomaly detection through
various mechanisms [Zha et al., 2020; Kazari et al., 2023;
Li et al., 2024; Zhang et al., 2024]. However, these meth-
ods are primarily designed for general anomaly detection and
have not been adequately tailored for financial fraud detec-
tion. They fail to model the relationships between trans-
actions, but they do show promise in exploring risk sig-
nals within individual transactions. A representative exam-
ple is DPLAN [Pang et al., 2021], a DRL method for semi-
supervised anomaly detection that integrates external rewards
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Figure 2: Overview of DRESS. (a) Feature preprocessing. (b) Extract feature risk via DRL, enhanced by feature self-attention and intrinsic
rewards to amplify risk-indicative features (xw) and improve efficiency. (c) Extract graph-based risk (node degree and risk neighbor count).
(d) Integrate extracted risks and weighted node features into the gated temporal attention network for propagation and fraud prediction.

with self-supervision from isolation forests applied to fea-
tures. Yet, it treats all features equally, neglecting their vary-
ing importance in indicating fraud. When adapted to fraud
detection, existing DRL methods encounter two critical is-
sues: sparse rewards due to limited labels, and ineffective
feature exploration that ignores discriminative risk attributes.
To overcome these challenges, our framework DRESS in-
troduces a feature self-attention mechanism to adaptively
prioritize informative features, alongside feature-aware self-
supervised intrinsic rewards. This joint design not only al-
leviates reward sparsity but also accelerates policy learn-
ing by providing denser and more directed learning sig-
nals—enabling the DRL agent to focus on meaningful feature
combinations and avoid inefficient exploration.

3 Method
3.1 Overview
Preliminary. Based on the temporal aggregation of fraud
patterns [Cheng et al., 2020b], we construct a temporal trans-
action graph G = (V, E ,X). Here, V = {v1, ..., vN} rep-
resents transactions, and X ∈ RN×d denotes the attribute
matrix. Edges in E connect transactions sharing properties
(e.g., same cardholder) within a temporal window to cap-
ture potentially coordinated activities. The label set is Y =
{y1, . . . , yN}, where yi ∈ {0, 1, 2} corresponds to normal,
fraudulent, and unlabeled nodes, respectively. Our objective
is to maximize the probability nodes being classified correctly
given graph G, i.e. maxθ Pθ(Y |G,X).
Overview of Framework. As illustrated in Figure 2 , our
framework consists of four components. First, we prepro-
cess the features by embedding categorical attributes and ag-

gregating them with numerical attributes. Then, to auto-
matically explore and enhance risk signals within node fea-
tures, in the feature-based risk information extractor, we em-
ploy a Deep Q-Network (DQN) framework for learning risk
information from node features. Besides, recognizing the
varying importance of different features for fraud detection,
we introduce a feature self-attention layer to learn feature
contribution weights, based on which we generate a feature
pair—weighted features and masked features, and construct
a self-supervised intrinsic reward to accelerate DQN’s con-
vergence toward effective risk extraction strategies. Subse-
quently, we extract structural risk information from the graph
topology through node degree and risky neighbor counting.
Finally, we concatenate the feature-derived risk signals, struc-
tural risk information, and weighted node features for graph
propagation and final prediction.

3.2 DRL-based Feature Risk Extractor
Effectively capturing subtle yet critical fraud signals from
raw transaction features is beneficial for identifying con-
cealed fraudulent activities in label-scarce settings. To au-
tonomously discover and amplify these intrinsic risk pat-
terns, we introduce a DQN-based feature risk extractor (Fig-
ure 2(b)). Within this deep reinforcement learning setup,
the environment consists of preprocessed transaction data
D = (x1,x2, ...xn),xi = (xi1 , ..., xid), where xij is the j-th
feature of the transaction xi. The state s is a batch of transac-
tion data sampled from D, and the action a involves selecting
pseudo-labels based on risk information derived from trans-
action features via the risk extractor. Consequently, the action
space is {0, 1}, i.e., a ∈ {0, 1}. Rewards include both extrin-
sic rewards re and intrinsic rewards ri.
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The framework works as follows: (1) State Sampling. At
each time step t, a batch of transaction data are sampled from
D to form the current state st = (xt1 , ...,xtm). (2) Policy
Generation. The feature self-attention layer (detailed in Sec.
3.3) first generates weighted features xw, which are then pro-
cessed by the Q-network. This network comprises two dis-
tinct MLPs: the Qagent network for adaptive exploration, and
the Qtarget network for stable prediction. The output of Q-
network is the extracted feature risk information xfr ∈ Rm×2,
which encodes both benign and risk scores.
(3) Action Taking. Actions ati are determined by risk scores
p (from the feature risk information xfr), and a F1-optimized
dynamic threshold ϵ, which can be formulated as follows:

ati =

{
1, p>ϵ

0, p≤ ϵ
(1)

(4) Reward Calculating. The reward r = re + ri combines
intrinsic reward ri which will be detailed later and extrinsic
reward re which is calculated as follows:

re =
1

2
(

TP
TP + FP

+
TP

TP + FN
) (2)

where TP =
∑m

i=1 I(ati = 1 ∧ yti = 1), FN =∑m
i=1 I(ati = 0 ∧ yti = 1), FP =

∑m
i=1 I(ati = 1 ∧ (yti =

0 ∨ yti = 2)). The extrinsic reward is computed as the aver-
age of precision and recall, guiding the model to balance its
ability to identify positive and negative samples. In calculat-
ing FP, we adopt a Positive-Unlabeled (PU) learning strategy
[Elkan and Noto, 2008]. Given the extreme rarity of fraud,
we treat the unlabeled pool as the background distribution.
Consequently, predicting fraud within this set reduces imme-
diate extrinsic reward, acting as a regularizer. This imposes
a strict selectivity constraint, encouraging the agent to dis-
tinguish definitive fraud patterns from the background noise
rather than blindly expanding predictions.
(5) Experience Replay and Policy Update. The next
state st+1 is sampled from D, and the transition tuple
(st,at, r, st+1) is stored in the experience replay buffer.
To update the policy, we randomly sample an experience
(st,at, r, st+1) from the buffer. The state st in it is fed
into Qagent to obtain risk information xfr

t , which encodes
the Q-values for each action. From it, the column corre-
sponding to action at is used as the state-action value, i.e.
Vt = Qagent(st,at) = xfr,at

t . For st+1, the next state’s action
value Vt+1 = maxa′ Qtarget(st+1,a

′). The loss LDRL is then
computed to update Qagent, and the parameters of Qagent are
copied to Qtarget every z steps. LDRL is formulated as:

LDRL =
1

m

m∑
i=1

(r + γV(t+1)i − Vti)
2 (3)

Here, r+γVt+1 represents the target value based on the max-
imum expected future return of the next state, while Vt is the
current estimated value. The difference between them reflects
the gap between the current policy and the optimal policy.
Minimizing this MSE makes the Q-network approximate the
Bellman-optimal value function and incorporating future re-
ward expectations is crucial for detecting temporally aggre-
gated fraud patterns, where the discount factor γ regulates
the weight given to future transaction rewards.

3.3 Feature Self-attention and Intrinsic Reward
To enhance the efficiency of DRL-based feature risk extrac-
tion, we address the varying contributions of features by in-
troducing a feature self-attention layer, which prioritizes crit-
ical fraud indicators to guide the agent’s focus. This layer,
implemented as an MLP, adaptively learns feature attention
weights w = (w1, ..., wd), where d is the number of fea-
tures. Higher attention weights indicate greater contributions
to fraud detection. Based on these weights, we design a self-
supervised contrastive task using a feature pair: weighted fea-
tures xw

ti = xtiw (signal amplified) and masked features xm
ti

(signal suppressed). The masked features xm
ti are generated

by replacing the top-k highest-attention features with their
mean values. To ensure differentiability, we employ a soft
masking mechanism, which is formalized as:

m = σ

(
w − θk

τ

)
(4)

xm
ti = xti ∗ (1−m) + xmean

ti ∗m (5)

where m is the soft mask vector, θk the the top-k proportion
attention threshold, τ a temperature coefficient controlling the
steepness of masking, and xmean

ti the feature-wise mean vec-
tor. After this masking, high-attention (fraud-indicative) fea-
tures in xm

ti are smoothed, while low-attention features remain
largely unchanged. This results in a suppressed risk score
xfr,−
ti . Conversely, weighted features xw

ti amplify risk signals,
creating an enhanced risk score xfr,+

ti . To help the DQN ex-
tractor distinguish benign and risky patterns, we maximize
the divergence between xfr,−

ti and xfr,+
ti using a pairwise loss

[Ouyang et al., 2022] as the intrinsic reward:

ri = − 1

m

m∑
i=1

log(1 + exp(xfr,−
ti − xfr,+

ti )) (6)

We only use fraudulent samples to compute intrinsic rewards.
First, for normal samples, amplifying the divergence between
enhanced and masked risk scores is unnecessary as they re-
flect legitimate patterns. Second, this focus prevents reward
dilution by normal-sample noise, thereby enhancing the dis-
criminative power of limited fraudulent samples’ features.
Ultimately, the intrinsic rewards guide DQN to find effective
risk extraction strategies faster, improving training efficiency.
In parallel, the feature self-attention layer works globally to
highlight risk signals and suppress noise across all samples,
thereby exposing latent fraud patterns for GNN propagation.

3.4 Risk Propagation via Graph
This module extracts structural patterns and propagates risk
signals to detect coordinated fraud activities within complex
credit card transaction networks.
Graph-based Risk Extractor. Graph structures inherently
encapsulate fraud signals [Xiang et al., 2025]. Compared
to legitimate transactions, fraudulent transactions exhibit a
higher proportion of malicious neighbors. For each trans-
action li, we extract two structural features: degree feature
f i

degree,g and risk neighbor count f i
risk,g , where g denotes the
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g-hop neighborhood. These features are formulated as:

f i
degree,g =

∑
u∈N i

g

deg(u) (7)

f i
risk,g =

∑
u∈N i

g ,yu=1

yu (8)

where N i
g represents the g-hop neighbors of node li, and

deg(u) denotes the degree of node u. These features are
processed via a convolutional embedding layer [Xiang et al.,
2025] to derive the graph-structural risk representation xgr.
Gated Temporal Graph Attention Mechanism. We per-
form message passing and node representation updates on
the constructed temporal transaction graph using a gated
temporal attention mechanism (TGAT) [Xiang et al., 2023].
The input xti integrates weighted features from the self-
attention layer (xw

ti ), feature and structural risk representa-
tions (xfr

ti ,x
gr
ti ), and label embeddings xL

ti = ỹWL [Shi et al.,
2021] (where ỹ masks the central label to prevent leakage):
xti = Concat(xw

ti ,x
L
ti ,x

fr
ti ,x

gr
ti). TGAT aggregates embed-

dings using multi-head attention:

αxt,xi =
exp(LeakyReLU(aT [xt∥xi]))∑

xj∈N (xt)
exp(LeakyReLU(aT [xt∥xj ]))

(9)

Head =
∑
xi∈X

σ(
∑

xt∈N (xi)

αxt,xixt) (10)

H = Concat(Head1, ...,Headhatt
)Wo (11)

where αxt,xi
represents the attention weight for edge

(xt,xi), [xt||xi] denotes vector concatenation, a ∈ R2d is
the attention weight vector of each head, hatt is the number
of attention heads, Wo ∈ Rd×d is a learnable projection ma-
trix, and H denotes the aggregated embedding. To mitigate
gradient vanishing, we apply a gated residual connection fus-
ing raw attributes xti and aggregated embeddings hti :

gateti = σ([xti∥hti ]βti) (12)

zti = gateti · hti + (1− gateti) · xti (13)

where βti is a learnable gating vector, and gateti determines
the relative importance of aggregated embeddings hti versus
raw attributes xti . The output zti serves as input to the next
TGAT layer, iteratively refining representations.

3.5 Loss Function and Model Optimization
For the aggregated embedding H, we apply a MLP to predict
fraud risk. The prediction layer is formulated as:

ŷ = σ(PReLU(HW0 + b0)W1 + b1) (14)

where ŷ ∈ Rn×1 represents the predicted risk outcomes for
all transactions, and W and b denote learnable parameters
in the MLP. The final loss function combines binary cross-
entropy and the DRL-based feature risk extractor loss LDRL:

LCE = − 1

|V |

|V |∑
i=0

[yi · log(ŷi) + (1− yi) · log(1− ŷi)]

(15)
L = LCE + αLDRL (16)

where |V | is the number of central nodes, and the hyperpa-
rameter α controls the weight of LDRL in the total loss. The
optimization objective of our proposed model is to identify
effective extraction strategies for risk-indicative information
within feature while ensuring the learning of maximally dis-
criminative node representations for fraud detection.

4 Experiment
4.1 Experiment Setup
Datasets. We conduct experiments on three real-world
datasets: two public benchmarks, Amazon [McAuley and
Leskovec, 2013] and YelpChi [Rayana and Akoglu, 2015],
and a proprietary credit card fraud dataset, FFSD. Collected
from a leading financial institution, FFSD comprises transac-
tion records characterized by attributes such as amount and
type, with ground-truth labels manually annotated by domain
experts. Notably, FFSD mirrors real-world label scarcity:
out of 927,555 transactions, only 140,576 (15%) are labeled,
leaving 85% unlabeled. This high sparsity underscores the
critical need for semi-supervised methods to leverage abun-
dant unlabeled data in resource-constrained financial settings.
Compared Methods. To verify the effectiveness of
DRESS, we compare it with 12 state-of-the-art GNN-based
methods. As there are few GNN-based semi-supervised fraud
detectors, we adopt nine supervised baselines: GraphSAGE
[Hamilton et al., 2017], GEM [Liu et al., 2018], GraphConsis
[Liu et al., 2020], PC-GNN [Liu et al., 2021], CARE-GNN
[Dou et al., 2020], GAGA [Wang et al., 2023], FRAUDRE
[Zhang et al., 2021], HOGRL [Zou and Cheng, 2024], DGA-
GNN [Duan et al., 2024]; and three semi-supervised ones:
SemiGNN [Wang et al., 2019], GTAN [Xiang et al., 2023],
RGTAN [Xiang et al., 2025].
Evaluation Metrics and Parameter Settings. We evalu-
ate performance using AUC, Macro-F1, and AP. To simulate
semi-supervised settings, we adopt a 10/10/80% train/val/test
split. The hidden dimension is set to 256. Key hyperparame-
ters include an initial learning rate of 1e−3, τ = 0.1, k = 0.5,
γ = 0.99, and α = 0.6 (see Sec. 4.6). The TGAT layer depth
is set to 2 for YelpChi and FFSD and 1 for Amazon.

4.2 Fraud Detection Experiment
To evaluate the performance of our proposed model, we
compare DRESS against various baselines on three datasets
(Table 1). The results indicate that DRESS outperforms
baselines on most metrics across all datasets, demonstrating
its strong fraud detection capability. On the Amazon and
YelpChi datasets, supervised GNN models achieve relatively
strong performance. This can be attributed to their special-
ized architectures tailored for supervised learning, along with
the fact that semi-supervised models are reduced to super-
vised learning on these two fully labeled datasets. Among
supervised approaches, DGA-GNN performs the best, yet
DRESS still matches or exceeds its results on most metrics.
On Amazon, DRESS achieves performance comparable to
DGA-GNN, which is due to the dataset’s small scale and
susceptibility to overfitting. In contrast, on the real-world fi-
nancial dataset FFSD, semi-supervised models exhibit advan-
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Datasets Amazon YelpChi FFSD

Metrics AUC F1 AP AUC F1 AP AUC F1 AP

Supervised

GraphSAGE 0.7381 0.4971 0.2058 0.5364 0.4606 0.1664 0.6717 0.4514 0.4563
GEM 0.8006 0.5120 0.2714 0.5890 0.4657 0.2331 0.6913 0.4514 0.3070

GraphConsis 0.8705 0.6383 0.8572 0.6844 0.4609 0.5895 0.7347 0.6749 0.5528
PC-GNN 0.9341 0.8857 0.8064 0.7416 0.4608 0.3497 0.6718 0.4514 0.4036

CARE-GNN 0.9303 0.9009 0.8387 0.7547 0.4606 0.3701 0.6811 0.4654 0.4571
FRAUDRE 0.9331 0.7452 0.8436 0.7551 0.4624 0.3690 0.6814 0.4609 0.4589

GAGA 0.9108 0.8835 0.7701 0.8974 0.7567 0.6430 0.7467 0.7009 0.5575
HOGRL 0.9251 0.8788 0.8179 0.7833 0.6200 0.4440 0.6587 0.6160 0.4860

DGA-GNN 0.9667 0.9016 0.8747 0.9127 0.7790 0.7044 0.7748 0.7559 0.5845

Semi-
supervised

SemiGNN 0.6214 0.3432 0.0907 0.5463 0.3911 0.1421 0.5105 0.4237 0.1796
GTAN 0.8755 0.8952 0.8140 0.8030 0.6349 0.4305 0.7526 0.7059 0.5090

RGTAN 0.9159 0.9084 0.7789 0.8940 0.7716 0.6537 0.7792 0.7177 0.6073

Ours DRESS 0.9608 0.9138* 0.8785 0.9527* 0.8496* 0.8090* 0.8049* 0.7389 0.6583*

Table 1: Fraud detection performance of various methods on three datasets. The boldface refers to the highest score of the models. “*”
indicates the statistically significant improvements (i.e., paired t-test with p < 0.05) over the best baseline.
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Figure 3: Semi-supervised experiment results under different ratios
of labeled training data.

tages by leveraging unlabeled samples. Notably, DRESS con-
sistently surpasses RGTAN—the strongest semi-supervised
baseline—across all evaluation metrics. This confirms the ef-
fectiveness of our method in realistic, label-scarce scenarios.
The performance gain can be largely attributed to DRESS’s
DRL-driven feature risk extraction, and the effective fusion
of feature and structural risks. These findings underscore the
value of DRESS in advancing fraud detection systems, offer-
ing more reliable identification of fraudulent transactions.

4.3 Semi-supervised Experiment
We evaluate DRESS against three semi-supervised baselines
(SemiGNN, GTAN, RGTAN) across Amazon, YelpChi, and
FFSD datasets, varying the labeled training ratio from 2% to
10% (Figure 3). DRESS consistently outperforms all base-
lines across all ratios. Notably, in extreme low-label sce-
narios (2% ratio), DRESS achieves substantial AUC gains
over the best competitor RGTAN, specifically 11.69% on
YelpChi and 0.98% on FFSD, while maintaining consistently
high performance on Amazon. While extreme sparsity in-
evitably causes performance degradation on YelpChi across
all methods, DRESS maintains a significant absolute perfor-
mance lead over the baselines. As label availability increases,
DRESS sustains this superiority. This improvement proba-
bly stems from the DRL mechanism, which autonomously
mines feature-level risks within individual nodes. By propa-
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Figure 4: Ablation study comparing DRESS with its three ablated
variants across three datasets.

gating these enhanced signals—especially from abundant un-
labeled nodes—DRESS leverages unlabeled data more effec-
tively than baselines, confirming its robustness and practical
value for reliable transaction monitoring with minimal labels.

4.4 Ablation Study
To validate each component, we compare DRESS against
three variants: DRESS-R (w/o RL extractor), DRESS-R+M
(replacing RL with a machine learning method), and DRESS-
I (w/o intrinsic rewards). The machine learning(ML) method
used in DRESS-R+M is DevNet [Pang et al., 2019], which
employs a deviation loss to enforce a statistically significant
separation of anomaly scores from normal data distributions.

As shown in Figure 4, DRESS consistently outperforms
all ablated versions. First, compared to DRESS-R, DRESS
achieves significant gains across all datasets (e.g., AP im-
proves by 12.82%, 10.33%, and 4.87% on Amazon, YelpChi,
and FFSD), highlighting the DRL extractor’s critical role in
capturing fraud patterns. Second, DRESS surpasses DRESS-
R+M. Unlike traditional ML methods (e.g., DevNet) con-
strained by rigid distributional assumptions like Gaussianity,
our DRL approach enables dynamic, distribution-free feature
enhancement. This supports the necessity and superiority of
adopting reinforcement learning. Third, DRESS outperforms
DRESS-I, particularly in AP (gains of 3.65%, 9.75%, and
3.06%). Given AP’s sensitivity to minority class detection,
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Figure 5: Training epochs (left) and time (right) required to achieve
different AUC levels for DRESS, its ablated variant DRESS-I (w/o
intrinsic rewards), and the RGTAN baseline.

the results indicate that intrinsic rewards effectively guide the
model to focus on key fraud-indicative features, boosting per-
formance in imbalanced classification. Collectively, these ab-
lation results validate the design of DRESS and the synergis-
tic effect of its DRL extractor and self-supervised intrinsic
reward mechanism, which together enhance real-world fraud
detection under label scarcity.

4.5 Efficiency Improvement Study
To further evaluate the effectiveness of the proposed intrinsic
reward mechanism in improving training efficiency within the
DRL-enhanced framework, we record the epochs and time
required to reach specific AUC thresholds (FFSD results in
Figure 5). Comparing DRESS with DRESS-I (w/o intrinsic
rewards) reveals that intrinsic rewards significantly acceler-
ate convergence. For instance, achieving 0.76 AUC on FFSD
takes 36 epochs (116.35s) for DRESS-I, compared to just
20 epochs (94.12s) for DRESS. This efficiency improvement
probably stems from its ability to prioritize critical feature
attention, which mitigates unproductive exploration in high-
dimensional spaces with sparse extrinsic rewards, thereby ac-
celerating agent policy optimization. Furthermore, DRESS
achieves target AUC levels faster than RGTAN, demonstrat-
ing superior efficiency over state-of-the-art semi-supervised
baselines. Crucially, DRESS achieves this efficiency while
introducing negligible computational overhead, as evidenced
by its smooth operation on our financial partner’s existing
infrastructure. This combination of high accuracy and low
training cost enhances the feasibility of deploying DRESS in
real-world financial systems.

4.6 Parameter Sensitivity
In this section, we analyze DRESS’s sensitivity to four hyper-
parameters (τ, k, γ, α), as shown in Figure 6.
Impact of the temperature coefficient τ . τ controls the
sharpness of soft masking (Eq. 4). Results confirm that a
smaller τ yields superior performance. A lower τ induces
a harder mask, effectively suppressing high-contribution fea-
tures. This maximizes the discriminative divergence between
xfr,+ and xfr,−, thereby enhancing the model’s ability to dis-
tinguish fraudulent patterns.
Impact of the masking ratio k. The hyperparameter k con-
trols the proportion of features being masked. As shown in
the figure, model performance peaks when k = 0.5. A lower
ratio (k < 0.5) fails to generate sufficient divergence for con-
trastive learning. Conversely, a higher ratio (k > 0.5) masks
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Figure 6: Parameter Sensitivity Analysis with respect to (a) mask-
ing temperature coefficient τ in the feature self-attention layer, (b)
feature masking ratio k, (c) the discount factor γ, and (d) the weight
α of the DRL-based risk information extractor in the total loss.

too many informative features, introducing noise into the in-
trinsic reward calculation and degrading optimization.
Impact of the discount factor γ. γ regulates the weight as-
signed to future rewards in the DRL-based feature risk extrac-
tor. It balances the influence of immediate and future states
when estimating the cumulative return. As illustrated in the
figure, increasing γ generally improves model performance.
This may be attributed to the temporal aggregation of fraud-
ulent activities: successive states are closely related in time,
and a higher γ helps the model better leverage such temporal
correlations, thereby improving fraud detection accuracy.
Impact of the loss weight α. The hyperparameter α controls
the contribution of the reinforcement learning loss LDRL to
the overall loss. The model shows stable behavior with re-
spect to α, and achieves the best balance between feature risk
extraction and graph-based propagation when α = 0.6. This
indicates a proper trade-off between feature-level risk extrac-
tion and graph-based information propagation, both of which
are essential for robust semi-supervised fraud detection.

5 Conclusion
In this paper, we propose a Deep Reinforcement Learn-
ing enhanced semi-supervised graph neural network, which
efficiently detects transaction fraud under real-world label
scarcity. To uncover latent fraud within node features,
we devise a DRL-driven feature risk extractor with a self-
supervised intrinsic reward, mitigating DRL’s low efficiency
in semi-supervised settings. By adaptively generating new
risk features, the model enhances risk signals within abun-
dant unlabeled nodes, improving credit card fraud detection
performance. Extensive experiments on real-world datasets
demonstrate DRESS’s superiority over baselines. Semi-
supervised evaluations further confirm its optimal effective-
ness even with limited labeled samples. These results high-
light its capability to uncover subtle fraud patterns, providing
a practical and powerful tool for financial institutions. The
effectiveness of DRESS will also provide new perspectives to
enhance financial security and justice, contributing to sustain-
able economic growth and poverty alleviation by safeguard-
ing vulnerable populations and fostering a fair ecosystem.
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