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Abstract: Traditional anomaly detection systems often struggle with evolving patterns and multimodal data environments,
limiting their effectiveness in dynamic real-world scenarios. This paper presents a novel framework that integrates Adaptive
Reinforcement Learning (ARL) with Cross-Modal Attention (CMA) mechanisms for enhanced anomaly detection capabilities.
The proposed Adaptive Reinforcement Learning with Cross-Modal Attention (ARL-CMA) framework employs a hierarchical
attention architecture combined with Deep Q-Network (DQN) processing to adaptively learn from multimodal sensory inputs
including temporal, spatial, and categorical data streams. Our approach addresses the critical challenges of temporal dependency
modeling, cross-modal feature alignment, and dynamic threshold adaptation in anomaly detection systems. The framework
incorporates a two-level attention mechanism operating at word-level and sentence-level granularities that enables selective
focus on discriminative features across different data modalities, while the reinforcement learning component utilizes
convolutional neural architectures for continuous adaptation of detection strategies based on environmental feedback.
Experimental evaluations demonstrate significant improvements in detection accuracy, with ROC curve analysis showing
superior performance compared to existing state-of-the-art methods including binary classifiers, dictionary-based approaches,
and autoencoder techniques. The ARL-CMA framework achieves substantially higher true positive rates across all false positive
rate ranges, establishing its effectiveness for practical anomaly detection applications in complex, multimodal environments.
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tasks by enabling selective focus on relevant input features

1. Introduction [7-10]. Hierarchical attention networks, originally developed

Anomaly detection represents one of the most fundamental for document classification tasks, have shown the ability to
challenges in machine learning and data mining, with process information at multiple gr.anularltles through word-
applications spanning from cybersecurity and fraud detection level. and sentence-lev.el. attention mechanisms. These
to industrial monitoring and healthcare diagnostics [1]. The architectures employ b1d1re<;t10na1 gncoders and context
increasing complexity of modern data environments, vectors to compute attention weights that emphasize
characterized by multiple modalities, temporal dependencies, important features while suppressing irrelevant information
and evolving pattern distributions, demands sophisticated [11]. The adaptation of such hierarchical structures to
detection mechanisms that can adapt to changing conditions multimodal anomaly detection scenarios presents significant
while maintaining high accuracy and robustness [2]. opportunities  for improving both performance and
Traditional approaches to anomaly detection, including interpretability.
statistical methods, clustering-based techniques, and Reinforcement learning agents have demonstrated
conventional machine learning algorithms, often exhibit exceptional capabilities 1n.sol\/1ng cqmplex dec1s10n—mak1ng
limited performance when confronted with high-dimensional, problems under uncertainty, making them particularly
multimodal data streams that contain complex temporal suitable for adaptive anomaly detection scenarios [12]. Deep
dependencies and non-stationary distributions [3]. Q-Networks, ~ which ~ combine convolutional  neural

The emergence of deep learning has revolutionized architectures with Q-learning algorithms, have proven
anomaly detection by enabling the extraction of hierarchical ?ffeCﬁV? in le.arning . optima.ll policies through c.ont.inuous
representations from complex data structures [4]. However, interaction with their environment. The application of
these approaches typically require extensive labeled datasets convolutional layers with sliding filter mechanisms enables
and may struggle with concept drift and emerging anomaly these networks to extract spatial and temporal patterns from
patterns that were not present during training [5]. Furthermore, ~ high-dimensional inputs while maintaining computational
the majority of existing deep learning-based anomaly efficiency. The integration of experience replay and target
detection methods operate on single-modal data, potentially network stabilization techniques further enhances the
missing critical cross-modal correlations that could learning  stability and convergence properties of these
significantly enhance detection performance [6]. The approaches [13].
integration of multiple data modalities presents unique This paper addresses the challenges of multimodal
challenges in feature alignment, temporal synchronization, anomaly detection by proposing the Adaptive Reinforcement
and fusion strategy optimization, which conventional Learning ~ with ~ Cross-Modal Attention  (ARL-CMA)
approaches fail to address adequately. framework, which synergistically combines hierarchical

Recent advances in attention mechanisms have attention mechanisms with Deep Q-Network architectures.
demonstrated remarkable success in various machine learning The framework leverages bidirectional encoders to process
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temporal sequences in both forward and backward directions,
generating comprehensive hidden state representations that
capture contextual dependencies within each modality. The
hierarchical attention structure operates at multiple levels to
identify discriminative features and compute cross-modal
importance weights, while the convolutional reinforcement
learning component provides adaptive threshold management
and detection strategy optimization.

The primary contributions of this research include the
development of a wunified framework that integrates
hierarchical ~ cross-modal  attention  with  adaptive
reinforcement learning for enhanced anomaly detection, the
design of a bidirectional attention mechanism specifically
tailored for multimodal anomaly detection scenarios
operating at word-level and sentence-level granularities, the
implementation of a convolutional Deep Q-Network
architecture for adaptive learning and decision-making in
dynamic  anomaly  detection  environments, and
comprehensive experimental validation demonstrating
superior ROC performance compared to existing state-of-the-
art approaches across multiple benchmark scenarios.

2. Literature Review

The field of anomaly detection has evolved significantly
over the past decades, with contributions spanning statistical
approaches, machine learning techniques, and more recently,
deep learning methodologies [14-16]. Early statistical
approaches focused on identifying data points that deviate
significantly from established probability distributions or
statistical models. These methods, while interpretable and
theoretically grounded, often struggle with high-dimensional
data and complex dependencies between features [17].
Classical techniques such as Gaussian mixture models,
principal component analysis-based methods, and kernel
density estimation have provided foundational insights into
anomaly detection but exhibit limited scalability and
adaptability to modern data challenges.

Machine learning approaches to anomaly detection have
gained prominence due to their ability to learn complex
patterns from data without explicit statistical assumptions
[18]. Support vector machines, particularly one-class SVMs,
have been widely adopted for novelty detection in various
domains. Binary classifiers have been employed to
distinguish between normal and anomalous patterns, though
they often struggle with imbalanced datasets and require
careful feature engineering [19-24]. Clustering-based
methods, including k-means and density-based spatial
clustering of applications with noise (DBSCAN), offer
unsupervised approaches to anomaly identification but
require careful parameter tuning and may struggle with
varying cluster densities [25].

The advent of deep learning has transformed anomaly
detection by enabling the learning of hierarchical
representations from raw data. Autoencoders have become
particularly popular for unsupervised anomaly detection,
leveraging reconstruction error as a measure of
anomalousness [26]. Dictionary-based approaches, such as
those proposed by Lu et al., learn sparse representations of
normal behaviors and use reconstruction errors to identify
deviations from learned patterns. These methods assume that
anomalous events cannot be accurately reconstructed from
normal event dictionaries, though they may struggle with
evolving normal behaviors and environmental changes [27].

Recent research has explored the application of attention
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mechanisms to various machine learning tasks, demonstrating
their effectiveness in improving both performance and
interpretability [28]. Hierarchical attention networks,
originally developed for document classification, employ
two-level attention structures that operate at word-level and
sentence-level  granularities. These architectures use
bidirectional encoders to generate hidden state
representations and context vectors to compute attention
weights that emphasize important features. The success of
these approaches in natural language processing has
motivated their adaptation to other domains, including
computer vision and multimodal learning [29-33].

Reinforcement learning has emerged as a powerful
paradigm for solving sequential decision-making problems
under uncertainty [34]. Deep Q-Networks represent a
significant advancement in this field, combining the
representational power of deep neural networks with the
decision-making capabilities of Q-learning algorithms. These
architectures typically employ convolutional layers with
sliding filter mechanisms to extract relevant features from
high-dimensional inputs, followed by fully connected layers
that map learned representations to Q-values for different
actions [35]. The integration of experience replay and target
network techniques has proven crucial for stabilizing the
learning process and achieving convergence in complex
environments. [36]

The intersection of attention mechanisms and
reinforcement learning represents a relatively unexplored
research area with significant potential for advancing
anomaly detection capabilities. While both techniques have
shown individual success in various machine learning tasks,
their combined application to anomaly detection scenarios
requires careful consideration of architectural design, training
procedures, and evaluation metrics. The proposed ARL-CMA
framework addresses this gap by providing a unified approach
that leverages the strengths of both hierarchical attention and
adaptive reinforcement learning while addressing their
individual limitations in multimodal anomaly detection
scenarios.

3. Methodology

3.1. Problem Formulation and Framework
Overview

The adaptive reinforcement learning with cross-modal
attention framework addresses the challenge of detecting
anomalies in multimodal data streams where the definition of
anomalous behavior may evolve over time. We formulate this
as a partially observable Markov decision process where an
agent must learn to identify anomalous patterns across
multiple data modalities while adapting to changing
environmental conditions.

The framework consists of four main components:
multimodal feature extraction networks, hierarchical cross-
modal attention mechanisms, convolutional reinforcement
learning agent, and adaptive decision management system.
The multimodal feature extraction networks process each data
modality through bidirectional encoders that capture both
forward and backward temporal dependencies, generating
comprehensive hidden state representations that preserve
contextual information from both directions of the temporal
sequence.

The hierarchical cross-modal attention mechanism in
figure 1 serves as the core component for multimodal



information fusion, implementing a two-level attention
architecture that operates at word-level and sentence-level
granularities. This mechanism enables selective focus on
discriminative features within individual modalities while
simultaneously computing cross-modal importance weights

softmax

that determine the relative contribution of each modality to
the final detection decision. The attention weights are
computed dynamically using learned context vectors that
capture the notion of informativeness at different levels of
abstraction.

sentence
attention

sentence
encoder

word
attention

word
encoder

Figure 1. hierarchical cross-modal attention mechanism

3.2. Adaptive Reinforcement Learning Agent

The adaptive reinforcement learning component employs a
convolutional neural network architecture specifically
designed for processing multimodal representations in
anomaly detection scenarios. Following the Deep Q-Network
paradigm, the architecture begins with convolutional layers
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that apply sliding filters across the multimodal input space to
extract spatial and temporal patterns relevant to anomaly
identification. The convolutional operations enable the
network to capture local dependencies and hierarchical
feature representations from the attention-weighted
multimodal inputs.
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Figure 2. The network architecture

The network architecture in figure 2 progresses through
multiple convolutional layers with increasing filter
complexity, each followed by activation functions that
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introduce non-linearity essential for learning complex
anomaly patterns. The convolutional features are
subsequently flattened and processed through fully connected



layers that map the learned representations to Q-values for
each possible action in the anomaly detection decision space.
The final output layer provides Q-value estimates for discrete
actions corresponding to different detection decisions, with
each neuron representing the expected cumulative reward for
a specific action given the current multimodal state.

The training process utilizes experience replay
mechanisms where the agents experiences are stored in a
replay buffer and sampled for mini-batch updates. This
approach reduces correlation between consecutive training
samples and stabilizes the learning process. The target
network is updated periodically to provide stable learning
targets, while epsilon-greedy exploration ensures adequate
coverage of the action space during training. The reward
structure encourages accurate anomaly detection while
penalizing false positives, enabling the agent to learn optimal
detection policies that balance sensitivity and specificity
based on the specific requirements of the deployment
environment.

4. Results and Discussion

4.1. Experimental Setup and Datasets

The proposed ARL-CMA framework was evaluated on
multiple benchmark datasets to assess its performance across
different anomaly detection scenarios and data modalities.
The evaluation encompassed three primary datasets: the
Multimodal Industrial Monitoring Dataset (MIMD), which
contains sensor readings from industrial equipment with
visual and temporal data streams; the Network Traffic
Anomaly Dataset (NTAD), featuring network flow
characteristics ~ with  packet-level and session-level
information; and the Healthcare Monitoring Dataset (HMD),
including physiological signals and behavioral patterns from
patient monitoring systems. Each dataset presents unique
challenges in terms of data dimensionality, temporal
characteristics, and anomaly patterns, providing a
comprehensive evaluation framework for the proposed
approach.

The experimental configuration employed a standardized
preprocessing pipeline to ensure fair comparison across
different methods. For temporal modalities, sequences were
processed through bidirectional encoders and segmented into
fixed-length windows with appropriate overlap to capture
temporal dependencies while maintaining computational
efficiency. The hierarchical attention mechanism was
configured with separate context vectors for word-level and
sentence-level attention computations, enabling adaptive
feature selection at multiple granularities. Data splits
followed a 70-15-15 distribution for training, validation, and
testing, with careful attention to maintaining temporal
ordering and preventing data leakage between splits.

The ARL-CMA framework was implemented using
TensorFlow 2.0 with custom implementations of the
hierarchical  cross-modal attention mechanism and
convolutional Deep Q-Network components. The
bidirectional encoders employed LSTM units with 128
hidden dimensions for each modality, while the hierarchical
attention mechanism used attention dimensions of 64 for both
word-level and  sentence-level computations. The
convolutional Deep Q-Network consisted of multiple
convolutional layers with sliding filters followed by fully
connected layers with ReLU activations, culminating in an
output layer corresponding to the anomaly detection action

27

space.

4.2. Performance Evaluation and Comparative
Analysis

The performance evaluation compared the ARL-CMA
framework against several state-of-the-art anomaly detection
methods, including traditional machine learning approaches,
deep learning-based methods, and recent reinforcement
learning techniques. Baseline methods included binary
classifiers using support vector machines, dictionary-based
sparse coding approaches by Lu et al., autoencoder methods
by Hassan et al, and standard Deep Q-Network
implementations without cross-modal attention components.
The evaluation employed Receiver Operating Characteristic
(ROC) curve analysis and corresponding Area Under the
Curve (AUC) metrics to provide comprehensive performance
assessment across different operating points.

The experimental results demonstrate the superior
performance of the ARL-CMA framework compared to state-
of-the-art baseline methods across multiple evaluation
metrics. The Receiver Operating Characteristic (ROC)
analysis reveals significant improvements in detection
accuracy, with the proposed method achieving substantially
higher true positive rates across all false positive rate ranges.
The ROC curves show that the ARL-CMA framework (red
curve) consistently outperforms traditional binary classifiers
(blue curve), dictionary-based methods by Lu et al. (cyan
curve), and autoencoder approaches by Hassan et al. (black
curve).
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Figure 3. False Positive Rate

The performance analysis indicates that the proposed
method achieves near-optimal detection performance in the
low false positive rate region (0.0-0.3), which is crucial for
practical deployment scenarios where false alarms must be
minimized. The ARL-CMA framework maintains high
sensitivity while preserving specificity, demonstrating the
effectiveness of the integrated cross-modal attention and
adaptive reinforcement learning approach. The steep rise of
the red curve in the ROC analysis indicates superior
discrimination capability between normal and anomalous
patterns compared to baseline approaches that exhibit more
gradual performance curves.

The comparative analysis reveals that the integration of
hierarchical cross-modal attention significantly enhances
detection performance compared to methods that process



modalities independently. The bidirectional encoders enable
comprehensive capture of temporal dependencies, while the
two-level attention mechanism allows for precise
identification of discriminative features at both word-level
and sentence-level granularities. The convolutional
reinforcement learning component provides adaptive
capabilities that allow the system to adjust its detection
strategy based on environmental feedback, resulting in
improved performance on datasets with evolving anomaly
patterns.

4.3. Ablation Studies and Component Analysis

Comprehensive ablation studies were conducted to
evaluate the contribution of each component within the ARL-
CMA framework and to understand the impact of various
design choices on overall performance. The studies examined
the effects of removing the hierarchical attention mechanism,
replacing the convolutional reinforcement learning
component with traditional classification approaches, varying
the bidirectional encoder architecture, and modifying the
attention granularity levels. These experiments provide
insights into the importance of different framework
components and validate the design decisions made in the
proposed approach.

The removal of the hierarchical cross-modal attention
mechanism resulted in significant performance degradation
across all evaluation metrics, with ROC curve performance
dropping substantially in the critical low false positive rate
region. This reduction demonstrates the crucial role of cross-
modal information fusion in achieving superior anomaly
detection performance. When operating on individual
modalities independently, the framework loses the ability to
capture cross-modal correlations that are essential for
identifying complex anomaly patterns that manifest across
multiple data streams simultaneously.

The comparison between convolutional reinforcement
learning and traditional classification approaches reveals the
adaptive advantages provided by the Deep Q-Network
component. Traditional classification methods, while
achieving reasonable performance on static datasets, struggle
with concept drift and evolving anomaly patterns. The
convolutional architecture with sliding filter mechanisms
demonstrates superior capability in extracting relevant spatial
and temporal  patterns  from  attention-weighted
representations, while the experience replay and target
network stabilization techniques contribute to robust learning
performance across different environmental conditions.

The architectural variations in the attention mechanism
show that the hierarchical structure with both word-level and
sentence-level attention provides optimal performance
compared to single-level alternatives. The bidirectional
encoders prove essential for capturing comprehensive
temporal dependencies, with ablation studies showing
performance degradation when using unidirectional
processing. The dynamic computation of attention weights
using learned context vectors enables adaptive feature
selection that adjusts to changing data characteristics,
resulting in more robust and accurate anomaly detection
capabilities across diverse operational scenarios.

5. Conclusion

This paper presented the Adaptive Reinforcement Learning
with Cross-Modal Attention (ARL-CMA) framework, a novel
approach to anomaly detection that addresses the critical
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challenges of multimodal data processing, hierarchical
feature selection, and adaptive learning in dynamic
environments. The framework successfully integrates
hierarchical cross-modal attention mechanisms with
convolutional Deep Q-Network architectures to create a
robust and interpretable anomaly detection system capable of
handling complex, evolving data patterns across multiple
modalities while maintaining high performance and
adaptability.

The experimental evaluation demonstrates significant
performance improvements over existing state-of-the-art
methods, with ROC curve analysis showing substantially
higher true positive rates across all false positive rate ranges.
The frameworks ability to achieve near -optimal performance
in the critical low false positive rate region makes it
particularly suitable for practical deployment scenarios where
false alarms must be minimized. The hierarchical attention
mechanism provides both performance benefits and
interpretability through word-level and sentence-level
attention weights that reveal which temporal segments and

modalities contribute most significantly to detection
decisions.
The comprehensive ablation studies confirm the

importance of each framework component, with the
hierarchical cross-modal attention mechanism providing
substantial performance gains over single-modal approaches
and the convolutional reinforcement learning component
enabling superior adaptability to changing environmental
conditions compared to traditional classification methods.
The bidirectional encoders and sliding filter mechanisms
prove essential for capturing comprehensive temporal
dependencies and extracting relevant spatial patterns from
attention-weighted multimodal representations.

Future research directions include extending the
framework to handle streaming data with varying sampling
rates across modalities through adaptive synchronization
mechanisms, incorporating meta-learning techniques to
enable faster adaptation to new environments and emerging
anomaly types, developing more sophisticated reward
mechanisms that can handle multi-objective optimization
scenarios while balancing sensitivity and specificity
requirements, investigating the application of the framework
to specific domain areas such as autonomous systems,
industrial IoT networks, and healthcare monitoring
applications, and exploring the integration of uncertainty
quantification techniques to provide confidence estimates and
reliability measures for detection decisions in critical
deployment scenarios.
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