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Abstract

Machine learning (ML) systems in non-stationary environments, where data distributions vary with time, require robust
learning. Conventional deep learning models make the assumption of stationary data, leading to poor performance in the
face of concept drift and domain variability. This research suggests a coherent powerful learning model to overcome the
change in the distribution of financial transactions. Financial fraud detection dataset, then scaling input data into a uniform
range using min-max normalization. The architecture combines adaptive deep learning and distributed learning through an
Intelligent Deep Neural Network (AHO-InDNN) that is an Archerfish Hunting Optimizer. It dynamically balances exploration
and exploitation while adjusting to evolving fraud patterns. Various types of financial fraud drift, such as abrupt, gradual,
and repeat changes, are modeled and identified with a lightweight drift detection module. Incremental learning strategies
and online strategies allow real-time adaptation with resource constraints. Moreover, a mechanism of parameter evaluation
based on Large Deviation Principle (LDP) is presented to minimize uncertainty and enhance robustness. Experimental
results show that the proposed model achieves 98.74% accuracy, 98.42% precision, 98.52% recall, and 98.37% F1-score,
outperforming conventional methods. The suggested framework is more stable, generalized, and resilient, offering a
practical solution to fraud detection in the dynamic financial non-stationary setting.

Keyword: Robust Learning, Distribution Shift, Non-Stationary Data, Concept Drift, Adaptive Learning Systems, Deep Learning

— A

Introduction

Contemporary ML systems are dynamic and constantly produce data that defies the notion of fixed distribution [1,
2]. The data properties in non-stationary environments evolve due to the user behavior, the system dynamics, or
external forces, and thus learning becomes more complicated [3]. The most important problems are the
distribution shift whereby training and testing data is not the same [4]. It is concept drift, where there is a shift in
input-output relations, and domain shift, where there is a shift in input distributions, but the same task is being
done [5, 6].

These models are primarily trained in a stationary form, without a continuous adaptation process [7, 8]. Thus, the
performance is worse when the distributions are varied, which leads to a loss of accuracy in practice and
inaccuracy in generalization [9]. This weakness offers the necessity to possess flexible and strong learning systems
that can deal with the shifting flows of information. The best system must be able to recognize the patterns of data
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change, continuously update itself, and be capable of maintaining its performance at all times without full
retraining [10, 11].

To alleviate these issues, the proposed presents a potent learning model in non-stationary environments with
AHO-InDNN to balance exploration and exploitation. It is a combination of the drift detection and online
incremental learning to adapt dynamically. An LDP-based optimization strategy increases stability and minimises
uncertainty. The key contributions can be summed up as follows:

e Developed an AHO-InDNN adaptive learning framework integrated with drift detection, online learning,
and incremental updating for non-stationary environments.

e Introduced an LDP-based parameter optimization strategy to improve robustness, stability, and reliable
decision-making under dynamic uncertainty.

e Performed comprehensive evaluation demonstrating superior performance under sudden, gradual, and
recurrent distribution shift scenarios compared with baseline models.

The remaining structure of this research was as follows: Section 2 reviews the literature in robust learning in
distribution shifts. Section 3 develops the suggested non-stationary data. Section 4 describes the implementation
and design of the model. Section 5 evaluates results of performance. The section 6 ends with conclusion and future
research directions.

Literature review

The concept drift research has been extensively studied in the fields of forecasting, streaming analytics, healthcare,
and financial systems. Research [12] enhances Photovoltaic (PV) prediction based on adaptive federated learning
with dual drift detection and selective retraining with a smaller Root Mean Square Error (RMSE) and faster
adaptation, but was restricted by threshold tuning and poor real-world diversity. Likewise, the research [13]
compares several adaptive classifiers in the concept drift context based on the scikit-multiflow framework,
demonstrating the adaptability of models in a variety of algorithms though lacks real-life validation and more
rigorous analysis of optimization.

Deep learning-based drift detection was explored in [14] using a DNN combined with an autoencoder (DNN+AE-
DD), where reconstruction error and the 3o rule are used for drift identification. Despite its sensitivity, it does not
have a good cross-domain generalization. In network systems, [15] has used adaptive windowing with H2M
networks, which are better with respect to latency and response, but it is based on pre-established traffic
assumptions. In the same vein, [16] trained an ensemble variational autoencoder with Kolmogorov-Smirnoff
testing to detect cloud drift, with high F-scores but high computational and scalability cost. In additional, [17] used
variational autoencoders with KL-divergence testing to identify abnormal behavior in older adults, with over 91%
F1-score, but was limited to small sample size and generalizability.

Research Gap

Although concept drift and non-stationary data management have advanced, current approaches are still
disjointed, focusing on drift detection, adaptive learning, or optimization individually. Various methods are based
on threshold-driven mechanisms, minimizing resilience to changing distributions. Some of the models are also less
adaptable and have poor generalization in the real world. Moreover, model uncertainty and robustness
optimization are under-explored, and certain methods are costly to compute or may need dataset-specific
optimization. To address these issues, this research proposes a robust framework integrating lightweight drift
detection with AHO-InDNN for online and incremental learning, enhanced with uncertainty-aware optimization
and a LDP-based robustness evaluation to improve stability and adaptability.

Problem formulation

Training and testing data in ML were assumed to share the same underlying distribution, represented as:
Qrrain(Y, X) = Qres: (Y, X). However, in the dynamic and real-world scenarios the assumption is not always true
since data distributions evolve with time as customers adjust their behavior, new fraud strategies are invented,
seasonal spending trends and dynamics of online payments. To give an example, the tendencies of fraud that could
be traced in the previous weeks may be ineffective now as the fraudsters are coming up with other types of
transactions or disguises. This breakdown can be formally stated as: Q7,4in (Y, X) # Qres: (Y, X). Progressive model
performance deterioration is caused by distributional mismatch. To be more specific, concept drift is change in the

conditional distribution between input and output over time: Q(Y|X)s # Q(Y|X)s41. Let Cs = {(yj, X; )};nzldenote

data at time s, and e, represent the model with parameters 6;. The goal is to minimize the expected loss in
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moderating distributions: Ks(8) = E(y x)~o,[£(eg(Y),X)]. To handle this dynamic environment, the model is
incrementally updated at each time step: 6;,; = 6, + Af;. Where Af; is adaptively learned using the drift-directed
uncertainty estimation-based optimization strategy based on the AHO approach.

Methodology

The methodology suggests a solid adaptive learning model of non-stationary data settings, as demonstrated in
Figure 1. It is created to operate on continuous data streams in which distributions can vary because of abrupt,
gradual or periodic drift. In contrast to the static models, the framework constantly checks incoming data and
updates the model to maintain prediction accuracy in the changing conditions.
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Figure 1: Proposed Robust Adaptive Learning Framework for Non-Stationary Environments

The model consists of four modules; data input, drift detection, adaptive learning and output prediction. Streaming
data are preprocessed and analyzed to detect concept drift through statistical and feature changes. After the drift,
the AHO-InDNN model re-estimates the parameters to learn effectively. Incremental and online learning allows
constant adaptation without re-training. LDP-based mechanism minimizes the uncertainty and stabilizes updates,
and distributed learning increases the scalability and computational efficiency of multiple nodes.

Dataset

The research utilizes PaySim artificial mobile money transaction data in Kaggle
(https://www.kaggle.com/datasets/sriharshaeedala/financial-fraud-detection-dataset), which was developed to
replicate actual financial transactions without compromising their privacy. It contains 30 days of sequential
transaction records (743 time steps) with types including CASH-IN, CASH-OUT, PAYMENT, DEBIT, and
TRANSFER. Features include transaction amount, time step, anonymized user IDs, and fraud label. It has a time-
series structure that can be used in concept drift analysis, adaptive learning, and fraud detection in the changing
transaction patterns.

Min-Max Normalization for Scaling Input Data into a Uniform Range

To ensure stable learning and faster convergence, Min-Max normalization is applied to numerical features, scaling
values into the range [0,1]. This reduces magnitude variation and improves robustness under distribution shifts,
as expressed in Equation (1).

1 Y~ Ymin

= Y™ Ymin 1

Y Ymax~Ymin ( )
Where y is dynamic data patterns as raw transaction feature; y,,;, observed value as a way to maintain lower-
bound stability; y,,.. is observed value as a way to maintain scale variation; y’ prime normalized feature as a way
to allow robust and drift-resilient learning.

Drift Detection Module for Identifying Concept Drift
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The drift detection module of the proposed framework tracks transaction streams to detect changes in the data
distribution. It initiates a change in the model when a drastic change is detected to reduce the overall cost of the
computation and to retain the high detection levels. The model includes three types of concept drift, like sudden
(immediate adaptation), gradual (patterns change gradually as learning progresses slowly), and recurrent
(patterns repeat with the use of historical knowledge). These drifts are due to the rapid change of fraud strategies
(Table 1), changing user spending behavior, and periodic attack cycles in the fraud detection systems, and adaptive
learning is a solution to maintain strong performance.

Table 1. Types of Concept Drift and Examples

Drift Type Description Real-World Example
Sudden Drift Abrupt change in data distribution | New fraud attack pattern
Gradual Drift Slow, continuous changes over time | Slowly changing user spending behavior
Recurrent Drift | Periodic, repeating patterns Seasonal fraud campaigns

Hybrid statistical divergence and mean shift enhance the drift detection by being more sensitive to the changes of
the distribution and less prone to false positives and stable.

Online & Incremental Learning for Continuous Model Adaptation

The framework online incremental learning module to revise the model as it notices changes in distribution. The
model is retrained using the new information received, and is not retrained entirely, which is effective in adapting
and preserving previously learnt information. This is the selective means of learning that allows the system to
optimize its parameters continuously by new streams of data and uncertainty data. This is particularly essential
in fraud detection, as transaction patterns tend to fluctuate as the attackers change their methods of fraud, as their
behavior changes, and new patterns of attack emerge. The suggested approach allows constant adaptation,
minimizes the computational cost, and is stable in non-stationary conditions. It enhances the reliability of
prediction and a robust performance in dynamic and imbalanced transaction flows, which are effective in
performing real-time fraud detection.

InDNN for Robust Learning under Distribution Shifts

InDNN is designed to deal with non-stationary data situations that are affected by concept drift and domain
variability. It has a three-layer architecture, with input, multiple hidden layers, and output. Unlike standard DNNs,
InDNN employs dynamic depth and neuron structure to be robust. It has 64 input neurons, as many as seven
hidden layers, and 64 output neurons to learn high-dimensional features. A parameter tuning strategy controls
the hidden neurons in a dynamic manner to prevent overfitting and underfitting. The neuron output is defined as

(3):
gt = o(w) = o(X}-, 0fy + wptt (2)

where o(w) is the activation function, x,',"+1 denotes the output of the pt" neuron in layer m + 1, wjy represents
weights, and w{,‘*l denotes bias. The ReLU activation function is employed to ensure efficient gradient propagation

and adaptability under shifting data distributions. To explicitly handle uncertainty caused by distribution shifts, a
regularized loss function F () is used (3):

F(6) = = Tn Zp Smp 108 Xnp (3)

where }; denotes aggregation over all samples and classes; s,,, is the true label, log x,,, is the predicted output,
0 = {w, b}, and F () is a robustness regularization term that mitigates overfitting under drift conditions. To
optimize the parameters efficiently in dynamic environments, an adaptive moment-based gradient optimization
is employed (4):

B1ms—1+(1—P1) VgF(0s—1) (4)

O0; = 05_1—x -
\/32”5—1+(1—32) (VgF(6s-1)) +e

Where 6, updated parameters, 6;_; previous state, < learning rate, ,, 5, decay factors, m,_;,v;_; gradient
moments, VyF(6,_,) current gradient, and € ensures stability under distribution shifts. Dropout improves
generalization under unseen shifts, while drift-aware updates enable incremental learning when significant
distribution changes are detected.
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AHO for Optimal Parameter Tuning

The AHO method is used in this research to improve the AHO-InDNN model's parameter setting and adaptive
learning in non-stationary situations. AHO balances exploration and exploitation to handle distribution shifts such
as concept drift and domain variability, inspired by the hunting behavior of archerfish, where each agent
represents a candidate solution of network parameters, hyperparameters, and adaptation strategies.

e Population Initialization: Initially, the population of archerfish is randomly generated within the
defined search space. The initial position of the j™ archerfish is given as (5):

q(,0) = [(¢¥ + o1 (qf — 1)), (a¥ + oc(q¥ — )] (5)

Where q(j,0) denotes the initial candidate solution; j is the archerfish index; c is dimensionality; gX and qY
represent lower (K) and upper (V) bounds of parameters; g, € [0,1] ensures randomness for diversity and
robustness under distribution shifts.

o Shooting Behavior (Exploration Phase): This phase performs global search to adapt to sudden
distribution changes. The position update is defined as (6):

qG,s+1) = —(q(j. $) — g, s)) f—(lltun(j.S)—q(1'.S)Ilz)2 +4qG,s) (6)

Where q(j, s + 1) denotes the updated proposed model parameters; q(j, s) is the current parameter set of the jt*
candidate model; q;,(j,s) is the estimated optimal solution under distribution shift; j is candidate index; s is
iteration; |I-||?> measures adaptation distance, guiding robust learning.

2
qm(j,s)=q(j,s)+(0,---,Z—g><sin2(b,...,0)+e (7)

In equation (7), q;,(j,s) is the estimated optimum adaptive solution in the case of distribution shift; q(j,s)
represents the state of the current model; u? is the adaptive update strength; 2g is scaling stabilization; ¢ is the
constant parameters; 0 is the uncertainty added to ensure robustness. In this case, € is in the range of -0.5 to 0.5,
which increases uncertainty and noise-resistance in non-stationary data streams.

¢ Jumping Behavior (Exploitation Phase): This phase refines solutions for gradual and recurrent shifts.
The position update is expressed as (8):

qG,s+ 1) ==(q0,s) — qin(,5)) FUlainG)-aGsl2)* 4 g (j, s) (8)

q(j,s + 1) denotes the updated candidate solution; q(j, s) is the current solution; g;, (j, s) represents the estimated

optimal (target) solution; (|I-1?) is the Euclidean norm measuring distance; f'("'nz)2 controls convergence; K(j, s)
is the local exploitation component refining parameters under distribution shifts.

. . u? . u? .
qin(],s)=q(],s)+(0,~-~,£><sm2®,..., Z—ngm (Z),...,O)+6 9

In equation (9), g;,(j, s) is the estimated configuration of the target that should be followed in adaptation to the
distribution shift; j is the index of the candidate; s is the iteration; q(j, s) is the reference state in which to update;
sin? @ determines the magnitude of the adaptive step; u? determines the search intensity; 2g normalizes scaling;
0 modulates exploration exploitation; € introduces stochastic perturbation for robustness.

e Lévy Flight Reinitialization: To avoid stagnation, Lévy-based random re-initialization is used (10):

qin(,8) =q(,s) +o

ul(Tﬁ)"”'uC@l (10)

qin(j, s) represents the reinitialized solution for escaping stagnation; q(j,s) is the previous state; o controls
q91 qdc

1 1
perturbation strength; u;and u, scales direction per dimension; ul( /p) and uc( /p) induces Lévy-flight-based step
variation; § regulates step distribution, enabling long jumps for improved adaptation under dynamic distribution
shifts, it represent (11):
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1
B
. (TP
r'(B+1)xsin(—— .
q]'~em(0! VZ)'V = % ,]E{l,...,C} (11)
r(E)x2\ 2 Jxp
u;~e, (0, ¥,y =1 je{l, ..., ¢}

where q;~ep, (0, y?2) produces Levy-based directional components to search in a global scale; uj~en (0, 72)
provides stabilized stepwise control; j € {1, ..., c} is the parameter index with c total dimensions; e,,(:) is the
Gaussian sampling; y and 7 is calculated using the Gamma function I'(-) and f to control heavy-tailed search;
y =1 ensures normalized variance. In general, the hybrid AHO-InDNN architecture is an integration of
metaheuristic optimization with deep neural learning that enhances the parameter tuning, adaptive convergence,
resistance to drift, and generalized prediction in changing conditions.

LDP for Enhancing Model Stability and Robustness

LDP measures the probability of exceptional bursts in streaming data in financial systems. It differentiates
between the normal variation, which can be a minor adjustment of a transaction, and the unusual and impactful
variations (unauthorized transaction). LDP increases model responsiveness to important changes but is stable in

ordinary behaviour by costing more for the rare patterns. Let {Xs}s-, denote the incoming data stream. The LDP
is defined as (12):

lim 1
S > 00s

log P(X, € A) = —;221(@ (12)

Where s denotes time in the streaming financial data, X represents transaction stream, and A indicates abnormal
conditions. P(X, € A) denotes the probability of such events. The term s li)moo captures long-term behavior, while

nf

€A
deviation cost, where higher values indicate rarer and more significant distributional shifts. LDP detects rare

distributional shifts related to fraud, including abrupt increases in total transactions or abnormal spending
behavior, to successfully distinguish between changes in normal/unusual fraud.

log reflects the exponential decay rate. The function I (x) rarity of fraud behavior, and ; represents the minimum

Result

Results from experiments and an analysis of the suggested AHO-InDNN model's performance in non-stationary
data environments using the Python tool. It evaluates the model’s effectiveness in handling concept drift through
comparative analysis with baseline methods using standard classification metrics.

A) Sudden Drin B) Gradual Drift C) Recurrant Drify

Figure 2: Analysis of Data Distribution Shift in Fraud Detection (a) Sudden, (b) Gradual, and (c) Recurrent
Concept Drift

Figure 2 illustrates how fraud rates change over time under three different concept drift scenarios. In (A) Sudden
Drift, the fraud rate sharply jumps at a specific point, showing an immediate shift from a low baseline (Concept C,)
to a higher fraud pattern (Concept C;). In (B) Gradual Drift, the change occurs gradually over time, the model
behavior gradually changes to another concept, and then stabilizes at a higher rate of fraud. In (C) Recurrent Drift,
the system switches between low and high fraud rate patterns cyclically, with changes being cyclical with past
ideas reoccurring with time. Combined, these plots illustrate that patterns of real-world fraud can dynamically
change, and adaptive learning is necessary

Performance Evaluation
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Python and standard libraries were used to carry out the experiments. The model has been trained and tested on
PaySim data, in a simulated non-stationary environment with added distribution shifts. A measure of performance
was the metrics of classification. The AHO-InDNN was contrasted with K-Nearest Neighbors (KNN) [18], Synthetic
Minority Over-Sampling Technique Boosting (SMOTEBoost) with cost-sensitive learning [19], and Multi-Head
Deep Recurrent Neural Network (MH-DRNN) [20].

To assess the effectiveness of the proposed framework towards detection of strong and adaptable fraud detection
(Table 2 and Figure 3) to distribution changes, the following measures are applied: Accuracy, the ratio of the
number of transactions correctly classified, is a measure that is used to measure the stability of the model when
the data distributions change. Precision means how many of the predicted cases of fraud are actually fraudulent,
decreasing false alarms in dynamic financial environments. Recall is the test that analyzes the identification of
actual cases of fraud. F1-score is a measure that aims to balance both recall and precision and thus ensures a good
overall performance.

Table 2: Performance Comparison of Models under Dynamic Distribution Shifts

Model Accuracy (%) | Precision Recall (%) F1-score
(%) (%)

KNN [18] 91.67 - 95 93.33

SMOTEBoost + Cost-sensitive [19] - 78 85 81

MH-DRNN [20] 98.5 97 98 97

AHO-InDNN [Proposed] 98.74 98.42 98.52 98.37

100

Score (%)

EL]
Recall
Fl-Score

"

KNN [18) SMOTEBoost + Cost-sensitive [19] MH.DRNN [20) AHO-InDNN [Propeded]

Figure 3: Recall and F1-score Comparison for Robust Fraud Detection

In this research, AHO-InDNN achieves 98.74%, outperforming KNN and MH-DRNN. The proposed model records
98.42%, exceeding SMOTEBoost and MH-DRNN. Overall, AHO-InDNN demonstrates strong adaptability, reliability,
and high fraud detection capability in non-stationary environments.

Discussion

The suggested AHO-InDNN model identifies abrupt, gradual and repetitive patterns of fraud drift, guaranteeing
stable, adaptive, and precise outcomes in dynamic and unbalanced financial conditions with constantly changing
distributions of transactions. Current techniques like KNN [18] are not adaptable because they are based on fixed
learning, which restricts them in aspects of drift. SMOTEBoost [19] can better deal with class imbalance, yet it
cannot easily deal with continuous distribution changes. MH-DRNN [20] is also highly sequential, but lacks real-
time adaptability and increased computational complexity in dynamic fraud situations. Conversely, the proposed
AHO-InDNN model obtains better results. This enhancement is supported through drift-aware learning, online
incremental, and uncertainty-informed optimization, which provides quick adaptation with a retention of learned
knowledge. The framework is generally more robust, false detections are minimized, and generalization is better
in the framework of constantly changing patterns of fraud.

Conclusion

In the case of real-life financial systems, detecting fraud is difficult because of the ever-evolving behaviors of the
transactions and the shift in the attack techniques. This study introduced an AHO-InDNN-driven adaptive system
to deal with sudden, gradual and recurrent concept drift in streaming data by combining drift detection, online
incremental learning, uncertainty-sensitive adaptation, and LDP-based optimization. Experimental performance
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on PaySim data exhibits a high level of performance with 98.74% accuracy, 98.42% precision, 98.52% recall and
98.37% F1-score and a low number of classification errors in the confusion matrix. The model is always superior
to the existing methods and it is very robust in non-stationary conditions. The suggested solution needs to be
further elaborated to consider the intricacies of real-life financial systems. Future studies are needed to implement
in real-time in a distributed environment, simplify lightweight architectures, reduce the cost of computation, scale
up, and test the framework on actual financial data.
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