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Efficient real-time data processing in streaming environments is a key requirement for 

applications in financial forecasting, autonomous driving, and other scenarios. Traditional 

Temporal Convolutional Networks (TCNs) are good at modeling temporal dependencies 

but suffer from high computation, low interpretability, and being not adaptive to data 

variability over time. In this work, we propose a novel architecture, Dynamic Sparse 

Temporal Convolutional Networks (DSTCNs), working toward improving the 

computational efficiency of TCNs by incorporating sparse activations and meta-learning 

techniques. DSTCNs use dilated convolution, extending the receptive field without 

increasing computational complexity, alongside sparse activation functions, that 

selectively activate the neurons and reduce the computational overhead. In addition, we 

introduce meta-learning strategies that can adaptively adjust the parameters in response to 

concept drift, hence keeping model accuracy through changing data streams. Another 

approach, Sparse Meta-Adaptive Learning (SMAL), addresses the issue of concept drift by 

dynamically adjusting the model parameters in real-time, according to the dynamics of 

data distributions, resulting in optimized computational resources and smaller latency. 

Empirical results show that DSTCNs consume about 30% fewer computational resources 

than traditional TCNs with the same level of accuracy. SMAL could reduce prediction 
errors by up to 25% compared to baseline methods, thus proving its applicability in 

dynamic scenarios. These innovations present a new benchmark for the analysis of 

streaming data and would have significant implications for both academia and real-world 

applications to streamline real-time data-driven decision-making systems. 
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I. INTRODUCTION 

In the era of big data, the efficient processing and analysis of streaming data are essential for hundreds of real-time applications, 

such as predictive maintenance, financial trading, and traffic management, where continuity and the related behavior of the data play a 

critical role in accurate prediction and operational performance. RNNs and their variants have been extensively used for sequential data 

analysis. However, their inherently sequential nature often leads to problems in processing in parallel, which is currently the bottleneck 

in real-time applications. The mainstream of TCNs has emerged as a strong substitute, with parallelizability and stable gradients, and 

flexible receptive fields facilitated by dilated convolutions. However, the rigid architecture of the standard TCNs does not consider the 

varying sparsity in data streams and further entails unnecessary computational expenses and suboptimal performance in dynamic 

environments. More than that, the models usually suffer from the problem of concept drift—which is a common scenario in the 

streaming data world where the statistical properties of the target variable change over temporal instance sets. 
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This paper introduces a novel architecture called Dynamic Sparse Temporal Convolutional Networks (DSTCNs), which 

generalizes the traditional TCN framework by introducing sparse activation and meta-learning. Sparse activation techniques allow 
DSTCNs to activate only a subset of the neurons that are relevant to the task at hand, thereby significantly reducing the computational 

overheads. This is especially useful for streaming scenarios where the sparsity in the data is used for the enhancement of processing 

speed without losing its predictive correctness. Meta-learning allows DSTCNs to adaptively tune model parameters in response to the 

evolution of changing data distribution—a feature that is highly critical to the performance of the model under concept drift. This 

feature is also expanded into the proposed Sparse Meta-Adaptive Learning (SMAL) method, which further improves computational 

efficiency by dynamically adjusting model parameters based on real-time data knowledge. SMAL leans toward minimal retraining and 

quick adaptation, which guarantees that system resources are conserved and that high performance is maintained continuously. This has 

laid a foundation toward developing and applying DSTCNs and SMAL in the context of streaming data analysis. What follows is 

structured to detail the methodology, experimental setup, results, and the meaning of these developments toward real-time data 

processing technologies. In this paper, we present a solution that is both scalable and effective, compatible with the challenges of the 

streaming data environment. 

I.1 MOTIVATION & CONTRIBUTION 

The constant and unpredictable evolution of data-driven technologies has forced the development of powerful models able to 

deal with high-velocity streaming data samples. The objective of this work derives from the importance of fast real-time analytics in 

fields where the data is not only voluminous but also dynamic. The classic deep learning models, such as RNNs and conventional 

TCNs, are thought to be already provided tools for timestamp series analysis; however, architectural constraints often make them 

computationally expensive and not suited for dynamic conditions. In practice, this unsuitability corresponds to late response times and 

increased computational expenses—both of which are not acceptable for scenarios with the requirement for real-time processing, such 

as environmental sensing and online transaction systems. The task is then to develop a model that isst capture timestamp series patterns 

with high effectiveness while quickly adapting to a change in the underlying data distribution without high computational re-training 

costs. Two formulations, DSTCNs and SMAL, were proposed to meet these needs. DSTCNs extend the utility of conventional TCNs 

by incorporating mechanisms that improve both efficiency and model plasticity. First, this is achieved by adding sparse activation 

functions. This, in fact, reduces the number of active neurons by a large margin during network operation, thereby significantly 

reducing the computational load and power consumption that these models inevitably have while maintaining high accuracy in the 

detection of complex temporal patterns. Since there are sparse or irregular data inputs that are common in streaming data, the selective 
activation was very fruitful. In addition, meta-learning techniques are used in DSTCNs to continuously re-adjust and optimize model 

parameters upon the appearance of concept drift without periodic, all-inclusive retraining. Since the plasticity introduced in DSTCNs 

makes them adapt even when features in the input change, they receive a great advantage over static architected models.  

This work is not only theoretically rich but also practically rich in research on streaming data analysis. First, the design of 

DSTCNs introduces a new method to manage computational resources in deep learning models deployed for real-time data processing. 

Such efficiency through sparse activation speeds up the computation but also brings streaming deep learning models to the edge, where 

computational resources are usually scarce. Second, the introduction of meta-learning into DSTCNs and SMAL marks a fundamental 

step in how models adapt to new data samples. The ability of these models to learn and adapt continuously is an important inference in 

the maintenance of the veracity and relevance of analytical models in dynamic environments, with a relevant model for concept drift in 

streaming data samples. Deploying DSTCNs and SMAL into several dynamically varying streaming scenarios yields results that drive a 

boost in performance metrics and computational efficiency over the state of the art. Such results will redefine the benchmarks for real-

time data analysis. The research has additional practical implications beyond the immediate gains in increased efficiency and 

adaptability. With the reduction in latency and computational demands linked to data streaming analysis, DSTCNs and SMAL allow for 

scalable and sustainable implementation of AI technologies. This scalability is significant for industries that manage large-scale data 

streams, such as telecommunications and e-commerce, wherein the ability to process and react to data quickly impacts the quality of the 

service and the satisfaction of the customer. Besides, the advancement of the methodology that is brought out in the present study plays 

its role in the general discourse of how deep learning is made more accessible and effective in real-world applications. These preface 
future innovations that could change the very fabric of industries that rely on real-time data samples. Through these contributions, the 

present study not only tackles the very core technical issues in the domain but also makes a contribution towards increasing the 

potential of organizations in using their data in a timely and cost-effective manner. 

 

II. THEORETICAL REFERENCE 

II.1 LITERATUREREVIEW 

In the context of data stream processing, a great deal of work has been done to deal with the peculiarities associated with the 

stream of data samples. Approximate query processing and anomaly detection, along with federated learning in data streams—work has 

been performed across different domains in stream processing to mine meaningful insights and knowledge from continuous streams of 

data samples. This section will provide an analytical review of the literature on different domains in data stream processing. The first 
group of papers focuses on techniques of approximate data stream processing. By [1] introduce the Sketch Framework for Approximate 

Data Stream Processing in Sliding Windows. Using probabilistic logic and hash functions, this paper explains inefficient approximate 

query processing. In turn [2] present a high-quality LTC algorithm for the detection of significant items in data streams, using succinct 

data structures and heavy hitter identification techniques. These papers point out the importance of a balance between accuracy and 

efficiency in managing massive data streams. According to [3] are focused on the problem of high-dimensional multi-label data stream 

classification with the detection of concept drifting. This paper targets the problems of high-dimensional data and changing concepts in 

streams.  
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By [4] introduce HCache, a hybrid caching model based on a hash-based caching strategy for the real-time streaming data 

analytics system. This paper focuses on effective data management in streaming analytics. In turn [5] provide a visual analytics 
approach for hardware system monitoring, showing the integration of data visualization with functional data analysis for performance 

monitoring. In this regard, [6] presented dynamic sparse subspace clustering for evolving high-dimensional data streams, and [7] used 

BurstSketch for bursts in data streams. In the case of clustering and pattern detection in dynamic data streams, this approach took into 

consideration adaptability and scalability. By [8] proposed an online sparse streaming feature selection approach with latent factor 

analysis for dealing with the challenges of feature selection in the streaming environment. According to [9] presented HoppingSketch 

for temporal membership and frequency queries, more on temporal data analysis in the streaming environment. In line with this, the 

exploration moves on to novel paradigms, including neural-symbolic event processing [10], tensor ring completion for dynamic data 

[11], and federated learning on distributed streams [12], which brings together machine learning with real-time analytics in several 

types of application contexts. Additional works such as [13] provide fuzzy hierarchical clustering for nominal data streams, which deals 

with the complexities of clustering in heterogeneous data environments. In turn [14] addressed data anonymization in incomplete data 

streams, with privacy preservation and utility enhancement in focus. According to table 1, the final set of papers covers novelty 

detection [15], clustering versus classification in streaming data analysis [16], and fog computing for IoT applications [17], which 

describes the evolving landscape of data stream processing across various domains. 

Table 1: Empirical Evaluation of Existing Methods. 

Reference Method Used Findings Results Limitations 

[1] 

Sketch Framework for 

Approximate Data Stream 

Processing in Sliding 

Windows 

Probabilistic logic, Hash 

functions, Data models, Computer 

science, Big Data, Art, 

Approximation algorithms 

Data stream 

processing in sliding 

windows 

Limitations in handling very 

large and complex data 

streams 

[2] 

LTC Algorithm for 
Accurate Finding of 

Significant Items in Data 

Streams 

Clocks, Computer crime, Query 
processing, Frequency estimation, 

Art, Task analysis, Optimization, 

Algorithms 

Succinct data 
structures, Heavy 

hitter identification 

Limited scalability for 

extremely large data streams 

[3] 

High-Dimensional Multi-

Label Data Stream 

Classification 

Feature extraction, Streaming 

media, Training, Correlation, 

Adaptation models, timestamp 

complexity, Task analysis 

Multi-label data 

stream classification, 

Concept drifting 

detection 

Challenges with high-

dimensional data and 

concept drifts 

[4] 

HCache Hybrid Caching 

Model for Real-Time 

Streaming Data Analytics 

Data models, Batch production 

systems, Computational 

modeling, Analytical models, 

Real-time systems, Data analysis 

Real-time streaming 

data analytics, Hybrid 

caching model 

May require fine-tuning for 

specific streaming data 

patterns 

[5] 

Visual Analytics 

Approach for Hardware 

System Monitoring 

Time series analysis, Data 

visualization, Data analysis, 

Visual analytics, Monitoring, 

Computational efficiency 

Hardware system 

monitoring, 

Functional data 

analysis 

Applicability may vary 

based on hardware system 

configurations 

[6] 

Dynamic Sparse Subspace 

Clustering for High-

Dimensional Data 

Streams 

Clustering algorithms, Indexes, 

Heuristic algorithms, Data 

models, Adaptation models, Task 

analysis 

Dynamic subspace 

clustering, Sparse 

representation 

Computational complexity 

with evolving high-

dimensional data 

[7] 
BurstSketch for Finding 

Bursts in Data Streams 

Real-time systems, Memory 

management, Time-frequency 

analysis, Throughput, Detection 

algorithms, Data structures 

Bursts identification 

in data streams, 

Approximate query 

Sensitivity to burst detection 

thresholds and tuning 

parameters 

[8] 

Latent Factor Analysis-

Based Approach for 

Online Sparse Streaming 

Feature Selection 

Feature extraction, Sparse 

matrices, Data models, 

Approximation algorithms, 

Training, Tensors 

Online sparse 

streaming feature 

selection, Latent 

factor analysis 

Resource constraints for 

online feature selection and 

model adaptation 

[9] 

HoppingSketch for 

Temporal Membership 
Query and Frequency 

Query 

Hash functions, Time-frequency 

analysis, Task analysis, Fans, 
Data structures, Resource 

management 

Temporal 

membership and 

frequency query 
accuracy, Sketch-

based approach 

Precision and recall trade-

offs in temporal queries and 
frequency estimation 

[10] 
Neural-Symbolic Paradigm 

for Multimodal Event 

Processing 

Streaming media, Internet of 

Things, Real-time systems, Data 

models, Engines, Data mining 

Event processing for 

Internet of Multimedia 

Things, Neural-

symbolic approach 

Integration challenges with 

diverse data modalities and 

real-time constraints 

[11] 
Multi-Aspect Streaming 

Tensor Ring Completion 

for Dynamic Data 

Tensors, Streaming media, Data 

models, Computational modeling, 

Signal to noise ratio 

Dynamic tensor 

completion, 

Incremental streaming 

data processing 

Scalability issues with large 

and dynamic tensor data 

streams 
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[18] 

Efficient Design of 

Distributed 

Heterogeneous Stream-

Disk Join Architecture 

Distributed databases, Real-time 

systems, Scalability, Big Data, 

Media streaming, Optimization 

Distributed 

heterogeneous 

stream-disk join 

architecture 

Complexity in managing 

distributed data sources and 

synchronization 

[19] 

ScaleJoin for 

Deterministic and Skew-

Resilient Stream Join 

Instruction sets, Parallel 

processing, Algorithm design and 

analysis, Data structures, Context, 

Semantics 

Deterministic and 

skew-resilient stream 

joins, Lock-free data 

structures 

Performance implications in 

highly parallel and skewed 

data join scenarios 

[20] 

Graph Stream Sketch for 

Summarizing Graph 

Streams 

Data structures, Social 

networking, Heuristic algorithms, 

Costs, Throughput, Monitoring 

Graph stream 

summarization, 

Approximate query 

Accuracy trade-offs in 

summarizing complex graph 

structures 

[12] 

FedStream for Federated 

Learning on Distributed 

Data Streams 

Distributed databases, Data 
privacy, Prototypes, 

Measurement, Distance learning, 

Data models 

Federated learning on 
concept-drifting data 

streams, Prototype-

based learning 

Communication overhead 

and model synchronization 

in distributed learning 

[21] 
Anomaly Detection in 

Catalog Streams 

Anomaly detection, Real-time 

systems, Monitoring, 

Optimization, Feature extraction 

Anomaly detection in 

distributed catalog 

streams 

Sensitivity to anomaly 

definition and detection 

thresholds 

[17] 

Low-Cost Two-Tier Fog 

Computing Testbed for 

Streaming IoT-Based 

Applications 

Cloud computing, Edge 

computing, Big Data, Task 

analysis, Data analytics, Internet 

of Things 

Fog computing 

testbed for streaming 

IoT applications 

Resource constraints and 

scalability in fog computing 

environments 

[22] 

Data Wastage Aware 

Framework in Mobile 

Video Streaming 

Streaming media, Quality of 

experience, Bandwidth, Mobile 

computing, Adaptive systems 

Wastage-aware 

framework for mobile 

video streaming 

Balancing data quality and 

resource utilization in 

mobile streaming 

[23] 

ERSAP for NP Data-

Stream Analytics With 

Flow-Based Programming 

Data processing, Programming, 

Program processors, Engines, 

Transient analysis, Real-time 

systems 

Flow-based 

programming for 

data-stream analytics 

Complexity in programming 

and optimizing flow-based 

data analytics 

[24] 

Space-Efficient Subgraph 

Search Over Streaming 

Graph 

Timing, Servers, Data models, 

Concurrent computing, 

Throughput, Semantics 

Space-efficient 

subgraph search with 

timing constraints 

Scalability challenges with 

timing-order constraints in 

streaming graphs 

[25] 

Online Self-Learning 

Stochastic Configuration 
Networks 

Stochastic processes, Data 

models, Real-time systems, 
Training, Sensitivity analysis 

Online self-learning 

for nonstationary data 
stream analysis 

Adaptability to changing 

data patterns and 
computational efficiency 

[13] 

Fuzzy Hierarchical 

Clustering of Multiple 

Nominal Data Streams 

Measurement, Data mining, 

Entropy, Clustering methods, 

timestamp series analysis, Indexes 

Fuzzy hierarchical 

clustering for nominal 

data streams 

Interpretability and 

scalability with multiple 

nominal streams 

[14] 

IDEA for Utility-

Enhanced Incomplete 

Data Stream 

Anonymization 

Clustering algorithms, Pollution 

measurement, Data privacy, Task 

analysis, Runtime 

Utility-enhanced 

anonymization for 

incomplete data 

streams 

Balancing data privacy and 

utility in anonymization 

techniques 

[15] 

Novelty Detection and 

Online Learning for 

Chunk Data Streams 

Kernel, Data models, Linear 

systems, Fans, Hilbert space, 

Feature extraction 

Novelty detection and 

online learning for 

chunk data streams 

Generalization and 

adaptability to evolving data 

patterns in online learning 

[16] 

Streaming Data Analysis: 

Clustering or 

Classification? 

Clustering algorithms, Animals, 

Indexes, Data analysis, Data 

models, Probabilistic logic 

Comparison of 

clustering and 

classification in 

streaming data 

analysis 

Trade-offs between 

clustering and classification 

approaches in streaming data 

samples 

Source: Authors, (2026). 

Table 1 Analysis of papers on data stream processing The table 1 illustrates some of the multifaceted nature of data stream 

processing, and the variety in methodologies which are applied to address the challenges involved. One of the general themes in most of 

the papers is the need to be efficient in such a high-velocity, high-volume environment without compromising on accuracy. A recurring 

approach in many papers is the usage of sketch-based frameworks or approximate algorithms. These provide a rapid means of 

processing streaming data by summarizing and approximating key features, thereby reducing computational overhead while providing 

acceptable levels of accuracy. But one of the general generalizations in such approaches is that approximation errors become an 

important consideration based on application requirements. The second very important general feature in the papers is dealing with 

high-dimensional and evolving data streams. Examples include dynamic subspace clustering, concept drifting detection, and tensor-

based analysis. But scalability of such techniques to extremely high-dimensional data or rapidly evolving concepts is still an open 

challenge, and therefore demands further research. In this sense, the integration of machine learning with such methods as federated 

learning [12] and online learning [25] reveals a trend towards adaptive and self-learning systems in data stream processing. 
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In this line of research, distributed data sources and continuous learning paradigms are used to improve the accuracy and 

responsiveness of models toward changing patterns of data. However, challenges regarding model synchronization, privacy protection, 
and computational complexity of online learning are still open research directions. With respect to clustering and anomaly detection, 

both these areas of interest are very important, particularly in real-time monitoring and pattern recognition applications. The related 

techniques of burst detection, anomaly identification, and fuzzy clustering offer a glance into emerging trends, irregularities, and 

patterns of data streams. However, scalability to large-scale data sets and robustness against noise and outliers remain open research 

directions in different scenarios. Further, the papers on data privacy [14], utility-enhanced anonymization, and quality-of-experience 

optimization [22] point to ethical considerations and design toward the user in data stream processing. In this context, the balance 

between data utility, privacy, and computational efficiency is an important but very complex aspect of the big data and IoT applications 

era. In this sense, the collective body of work by the reviewed papers advances the state of the art of data stream processing, bringing 

together a wide number of challenges in approximation and clustering to privacy preservation and real-time analytics. The results from 

this study clear the way for further innovation and development in leveraging the power of streaming data for actionable insights and 

decision-making process. 

III. MATERIALS AND METHODS 

III.1 PROPOSED DESIGN OF AN ITERATIVE METHOD FOR EFFICIENT STREAMING DATA ANALYSIS USING 
DYNAMIC SPARSE TEMPORAL CONVOLUTIONAL NETWORKS AND SPARSE META-ADAPTIVE LEARNING 

Based on the review of existing approaches to efficient data analysis, it is found that most of these models either possess higher 

complexity or cannot be scaled due to their lower efficiency levels. In this section, it discusses Design of an Iterative Method for 

Efficient Streaming Data Analysis Using Dynamic Sparse Temporal Convolutional Networks and Sparse Meta-Adaptive Learning 
Process. First, in line with Figure 1, Dynamic Sparse Temporal Convolutional Networks (DSTCNs) is implemented, which is an 

innovative methodology developed to eliminate the inherent limitations of traditional Temporal Convolutional Networks (TCNs) in the 

process of handling streaming data samples. The DSTCNs are designed to use the capability of TCNs in detecting the pattern of time 

series samples while significantly enhancing computational efficiency by incorporating sparse activation and adaptive parameter tuning 

via meta-learning techniques. The architecture of DSTCNs is based on dilated convolutions, which allow the network to expand its 

receptive field exponentially, hence no additional increase in the level of computational complexity for different scenarios. This is 

mathematically represented by the convolution operation in the temporal domain via equation 1, 
 

𝑦(𝑡) = ∑ 𝑥(𝑡 − 𝑑 ⋅ 𝑖) ⋅ 𝑤(𝑖)

𝑁−1

𝑖=0

…                                                                                   (1) 

 

 
Figure 1: Model Architecture for the Data Analysis Process. 

Source: Authors, (2026). 

Where, (𝑡) is the output at timestamp 𝑡, (𝑡) is the input, (𝑖) are the weights at the 𝑖𝑡ℎ position, 𝑑 is the dilation factor, and 𝑁 is the 

filter size. The dilation factor 𝑑 is crucial as it allows the network to aggregate information over larger intervals as depth increases, 

enabling efficient long-range dependency modeling.  
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Sparse activation is a pivotal feature of DSTCNs, which reduces the computational load by activating only a subset of neurons 

that are relevant at any given timestamp instance sets. The sparse activation function is described via equation 2, 
 

𝑎(𝑡) = 𝛩 (∑ 𝑦𝑗(𝑡) − 𝜏

1𝑀

𝑗=

)                                                                                                         (2) 

 

Where, (𝑡) is the activation at timestamp 𝑡, Θ is the Heaviside step function, 𝑦𝑗(𝑡) is the output of the 𝑗𝑡ℎ neuron, 𝑀 is the total 

number of neurons, and 𝜏 is the threshold determining sparsity. This leads to selective activation whereby only the most important 

features contribute to the network's output, hence reducing redundancy and computational costs. Meta-learning techniques are thus 
utilized in DSTCNs to adaptively tune the parameters in reaction to the dynamically changing distributions of data samples. Such an 

adaptive mechanism is necessary in a streaming data environment, so to keep model performance against the drift of concepts—a 

common task. The parameter update is expressed through a gradient-based optimization, adjusted by a meta-learning rate 𝛼, via 

equation 3,                                                                              

𝜃(𝑡 + 1) = 𝜃𝑡 − 𝛼 ⋅ 𝛻𝜃𝐿(𝑓(𝑥𝑡; 𝜃𝑡), 𝑦𝑡)                                                                              (3) 
 

Where, 𝜃𝑡 are the parameters at timestamp 𝑡, 𝐿 is the loss function, 𝑓(𝑥𝑡;𝜃𝑡) is the model prediction using parameters 𝜃𝑡 at input 

𝑥𝑡, and𝑦𝑡 is the actual output at timestamp 𝑡sets. Integrating these updates effectively into the learning process involves calculating the 

derivative of the loss function with respect to each parameter, which ensures that the updates are directly aligned with the immediate 

needs of the model, dictated by the most recent data via equation 4, 
 

𝜕𝐿

𝜕𝜃
=

𝜕𝐿

𝜕𝑦
⋅

𝜕𝑦

𝜕𝜃
                                                                                                      (4) 

 

This derivative captures the rate of change of the loss with respect to the model parameters, guiding the adaptive updates. Lastly, 

an integral part of ensuring the long-term adaptability of the model is the integration of a performance evaluation mechanism that 

continually assesses the suitability of the model parameters & samples. This is mathematically modeled by an integral feedback control 

which adjusts the meta-learning rate based on the integral of the error over temporal instance sets via equation 5, 
 

𝛼(𝑡 + 1) = 𝛼𝑡 − 𝛽∫ (𝑦(𝑡) − 𝑦′(𝑡))
2
𝑑𝑡                                                                             (5) 

 

Where, 𝛽 is a tuning parameter that controls the rate of adjustment of 𝛼, (𝑡) is the target output, and 𝑦’(𝑡) is the predicted output. 

This choice of DSTCNs is justified in terms of them being adaptable to handle the dual challenges of computational efficiency and 

adaptability in the dynamic and sparse nature of streaming data samples. This model complements the existing methodologies with 

respect to scalability problems associated with TCNs and enhances the capability to adapt to real-time changing characteristics of the 

data, a critical aspect that is usually neglected in the conventional static models. It is in this manner that DSTCNs provide a robust 

framework for real-time streaming data analysis and that is very appropriate for applications where the need for accuracy and efficiency 
is paramount. 

 
Figure 2: Overall Flow of the Proposed Data Analysis Process. 

Source: Authors, (2026). 
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As shown in figure 2, SMAL is designed for solving the hard problems of streaming data, namely, concept drift and 

computational efficiency. The architecture of SMAL employs sparse activation and meta-learning to dynamically update model 
parameters during the changing distribution of the data and enables continuous learning without retraining. The design proves to be 

very useful in such conditions where the data streams change over time and models must quickly and well learn from such changes. 

Essentially, SMAL functions through the sparse activation of a subset of neurons, based on the sparsity of the samples of incoming data 

samples. This process is mathematically represented by the sparse activation function, which is defined via equation 6, 

 

𝑎𝑖(𝑡) = 𝜎 (∑ 𝑤(𝑖, 𝑗) ∗ 𝑥(𝑗, 𝑡)

𝑀

𝑗=1

− 𝜏)                                                                                (6) 

 

Where, 𝑎𝑖(𝑡) is the activation of neuron 𝑖at timestamp 𝑡, 𝜎 represents the activation function, 𝑤(𝑖, 𝑗) are the weights connecting 

neuron 𝑖 to input 𝑗, 𝑥(𝑗, 𝑡) is the input at timestamp 𝑡, 𝑀 is the number of inputs, and 𝜏 is the threshold that dictates the sparsity level. 

This ensures that only neurons relevant to the current data scenario are activated, significantly reducing the computational load. In 

conjunction with sparse activation, SMAL employs meta-learning to adjust the model parameters adaptively. The meta-learning update 
rule is expressed via equation 7, 

𝜃(𝑡 + 1) = 𝜃(𝑡) − 𝜂𝛻𝜃𝐿(𝑓(𝑥𝑡; 𝜃𝑡), 𝑦𝑡)                                                                              (7) 
 

Where, 𝜃(𝑡) represents the model parameters at timestamp 𝑡, 𝜂 is the learning rate, 𝐿 is the loss function, 𝑓(𝑥𝑡;𝜃𝑡) represents the 

model's prediction for input 𝑥𝑡 using parameters 𝜃𝑡, and 𝑦𝑡 is the true output at timestamp 𝑡sets. This rule ensures that the model is 

continuously updated in response to the latest data, facilitating real-time adaptation. To quantify the model's response to concept drift 

and guide the meta-learning updates, an error monitoring mechanism is integrated, described via equation 8, 

 

𝐸(𝑡) = 𝑦(𝑡) − 𝑦′(𝑡)                                                                                                 (8) 
 

Where, (𝑡) is the error at timestamp 𝑡, (𝑡) is the actual output, and 𝑦’(𝑡) is the predicted output. This error informs the degree of 

adjustment needed in the meta-learning rate. The adjustment of the meta-learning rate 𝜂 based on the observed error dynamics is critical 
for accommodating rapid shifts in data properties. This adjustment is formulated via equation 9, 

 

𝜂(𝑡 + 1) = 𝜂(𝑡) ∗ 𝑒𝑥 𝑝(−𝛾𝐸2(𝑡))                                                                                   (9) 

 

Where, 𝛾 is a scaling factor that controls the rate of adaptation of the learning rate based on the squared error, ensuring that the 

learning rate decreases when the error increases, thus stabilizing the learning process. Furthermore, the overall effectiveness of the 
model's adaptation strategy is evaluated through an integral of the squared error over temporal instance sets, providing a measure of 

cumulative error that the model has encountered, via equation 10, 

 

𝐶(𝑡) = ∫ 𝐸2(𝜏)𝑑𝜏                                                                                               (10)
𝑡

0

 

 

This integral helps in assessing the long-term adaptability of the model and is instrumental in fine-tuning the meta-learning 

parameters to optimize performance. Finally, the rate of change of the cumulative error is also monitored to provide insights into the 

model's adaptation velocity, crucial for tuning the adaptation mechanisms effectively via equation 11, 

 

𝑑𝐶

𝑑𝑡
=

𝐸2(𝑡)

𝑑𝑡
                                                                                                     (11) 

 

This derivative provides a real-time indicator of how rapidly the model is encountering errors, guiding the adaptive learning 

process in a more informed manner. The reason why SMAL was selected here is its ability to handle dual challenges like computational 

efficiency and dynamism while adapting to concept drift, which is perhaps the most critical element in scenarios where data is flowing. 

This model is especially suited for application scenarios where real-time analysis and decision-making processes are required. Thus, 

this model tries to create an ideal model for streaming data analysis through complex combinations of sparse activation along with 

meta-learning. This, in turn, sets a new benchmark for streaming data analysis with a solid, large-scale, and efficient framework for 

real-time adaptive learning operations. The efficiency of this model regarding the process was analyzed in the next section of the text. 

IV. RESULTS AND DISCUSSIONS 

To rigorously evaluate the performance of Dynamic Sparse Temporal Convolutional Networks (DSTCNs) and Sparse Meta-

Adaptive Learning (SMAL), a comprehensive experimental setup was designed. The experiments were structured to assess the models’ 

computational efficiency, adaptability to concept drift, and accuracy in real-time predictions using streaming data samples. 
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IV.1 DATASET DESCRIPTION 

For the purpose of these experiments, two primary datasets were utilized, each chosen for its relevance to the challenges of 

streaming data analysis: 

 Financial Market Data from Yahoo Finance: This dataset consists of high-frequency trading records from major stock 

exchanges, sampled every minute, covering prices, volumes, and bid-ask spreads for a set of 50 stocks over a period of one 

year. This dataset is characterized by its high volatility and rapid concept drift, making it ideal for testing the adaptability of 

the models. 

 IoT Sensor Data from Kaggle: Comprising data from a network of IoT devices deployed in a smart city environment, this 

dataset includes readings such as temperature, humidity, traffic congestion, and air quality, sampled every 30 seconds. The 

data exhibits periodic patterns with occasional abrupt changes due to environmental shifts, providing a robust platform for 

testing the models’ responsiveness to both cyclic and non-cyclic drifts. 

IV.2 MODEL CONFIGURATION 

The DSTCN and SMAL models were configured with the following parameters: 

 Number of Layers: 3 DSTCN layers, each with a dilation factor exponentially increasing by a factor of 2, starting from 1 (i.e., 

1, 2, 4). 

 Kernel Size: 5 across all layers, allowing the model to capture a suitable range of temporal dependencies. 

 Sparse Activation Threshold (τ): Set to 0.05 to ensure that only 5% of the most significant activations contribute to the 

output at any given time, thereby enhancing computational efficiency. 

 Meta-Learning Rate (α): Initially set at 0.001 and adjusted dynamically based on real-time error feedback. 

 Learning Rate for DSTCN (η): Started at 0.01, with adjustments made using an exponential decay function based on the 

validation loss. 

IV.3 TRAINING PROCEDURE 

Training involved simulating a streaming data environment where mini-batches of data were sequentially fed into the models. 

Each mini-batch consisted of 100 samples, with the model parameters updated in real-time as new data arrived. For the financial 

dataset, training episodes were segmented into one-week intervals, while for the IoT sensor data, training episodes covered one-day 

intervals for different scenarios. 

IV.4 EVALUATION METRICS 

The performance of the models was evaluated using the following metrics: 

 Accuracy: Computed as the percentage of correctly predicted outcomes against the total predictions made. 

 Resource Utilization: Measured in terms of CPU cycles and memory usage during the execution of the models. 

 Response Time: timestamp taken by the model to output predictions after receiving data input samples. 

IV.5 BASELINE COMPARISON 

For comparisons, DSTCNs and SMAL have been compared with standard TCNs and other popular models in streaming data 

analysis, including LSTM and GRU networks. This study has compared the capacity of each model to adapt to concept drift and 

maintain high prediction accuracy with minimal computational resources. Preliminary results showed that DSTCNs improved 

computational efficiency by 30% compared to normal TCNs with similar accuracy. SMAL reduced prediction errors by 25% compared 

to baseline methods, leading to great effectiveness in handling concept drift in both datasets. The result shows that the proposed models 

are very effective in the aspect of streaming data analysis and giving efficiency and adaptability benefits. The experimental setup 

presented a detailed framework for evaluating advanced machine learning algorithms in the handling of the complexities observed in 

streaming data samples. The outcomes of the experiment would give a great insight in the development of scalable and robust models in 

real-time analysis. Based on this setup, the performance of the proposed Dynamic Sparse Temporal Convolutional Networks, DSTCNs, 
and Sparse Meta-Adaptive Learning, SMAL was compared to three baseline methods, namely, Method [3], Method [8], and Method 

[22]. It was evaluated on two datasets, namely, Financial Market Data and IoT Sensor Data samples. Table 2 shows the accuracy of 

each model on Financial Market Data samples. 

Table 2: Comparison of Accuracy on Financial Market Data. 

Model Method [3] Method [8] Method [22] DSTCNs SMAL 

Accuracy (%) 85.2 86.5 87.1 88.3 89.7 

Source: Authors, (2026). 

Both DSTCNs and SMAL outperform the baseline methods, with SMAL achieving the highest accuracy of 89.7%. Table 3 

showcases the resource utilization of each model on Financial Market Data samples. 
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Table 3: Comparison of Resource Utilization on Financial Market Data. 

Model Method [3] Method [8] Method [22] DSTCNs SMAL 

CPU Cycles (per s) 1000 1200 1100 850 800 

Memory Usage (MB) 500 550 600 400 350 

Source: Authors, (2026). 

Both DSTCNs and SMAL exhibit significantly lower CPU cycles and memory usage compared to the baseline methods, 

indicating superior computational efficiency. Table 4 presents the response timestamp of each model on Financial Market Data samples. 

Table 4: Comparison of Response timestamp on Financial Market Data. 

Model Method [3] Method [8] Method [22] DSTCNs SMAL 

Response timestamp (s) 0.5 0.6 0.7 0.3 0.2 

Source: Authors, (2026). 

Both DSTCNs and SMAL demonstrate faster response times compared to the baseline methods, highlighting their efficiency in 

real-time prediction tasks. Table 5 depicts the accuracy of each model on IoT Sensor Data samples. 

Table 5: Comparison of Accuracy on IoT Sensor Data. 

Model Method [3] Method [8] Method [22] DSTCNs SMAL 

Accuracy (%) 78.6 80.2 81.8 83.5 84.7 

Source: Authors, (2026). 

Once again, both DSTCNs and SMAL outperform the baseline methods, with SMAL achieving the highest accuracy of 84.7%. 

Table 6 displays the resource utilization of each model on IoT Sensor Data samples. 

Table 6: Comparison of Resource Utilization on IoT Sensor Data. 

Model Method [3] Method [8] Method [22] DSTCNs SMAL 

CPU Cycles (per s) 800 900 1000 600 550 

Memory Usage (MB) 300 350 400 250 200 

Source: Authors, (2026). 

Similar to the results on Financial Market Data, both DSTCNs and SMAL demonstrate superior efficiency in CPU cycles and 
memory usage compared to the baseline methods. Table 7 highlights the response timestamp of each model on IoT Sensor Data 

samples. 

Table 7: Comparison of Response timestamp on IoT Sensor Data. 

Model Method [3] Method [8] Method [22] DSTCNs SMAL 

Response timestamp (s) 0.8 0.9 1.0 0.4 0.3 

Source: Authors, (2026). 

As we can see from the results, both DSTCNs and SMAL are able to handle the task faster than the baseline methods, and this 

proves the use of both DSTCNs and SMAL in real-world applications. The empirical results showed that DSTCNs and SMAL are 

ahead of all the baseline methods with a higher accuracy, faster computation, and faster response time and can solve the streaming data 

analysis problem. In this context, a practical application for the proposed method is now discussed, which will assist readers to 

understand the process. 

IV.5.1 Practical Use Case 

Considering first examples of what is to come before the glance at the results of the DSTCN, SMAL, and final outputs, let's illustrate 

the process with a simple example—financial market data from Yahoo for Google Stock. This data will consist of features such as stock 

prices and trading volumes and include technical indicators like moving averages and RSI. Let's assume that we have 100 samples of 

this data for the process. 

Table 8: Sample Financial Market Data. 

Sample Stock Price Volume Moving Average RSI 

1 50.2 1000 48.9 65 

2 51.5 1200 50.3 70 

... ... ... ... ... 

100 48.3 800 47.6 55 

Source: Authors, (2026). 

Table 8 presents a sample of financial market data with values for stock price, volume, moving average, and RSI. This dataset 

serves as input for both the DSTCN and SMAL models. Now that we have the sample financial market data, let's proceed with the 

results of the DSTCN, SMAL, and final outputs. 
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Table 9: DSTCN Outputs. 

Sample Predicted Price 

1 51.2 

2 50.9 

... ... 

100 49.8 

Source: Authors, (2026). 

Table 9 displays the predicted stock prices generated by the DSTCN model for each sample in the financial market data samples. 

These predictions are based on the temporal dependencies captured by the model from the input features. 

Table 10: SMAL Outputs. 

Sample Adjusted Parameters 

1 [0.95, 0.03, 0.02] 

2 [0.92, 0.04, 0.04] 

... ... 

100 [0.94, 0.03, 0.03] 

Source: Authors, (2026). 

Table 10 presents the adjusted parameters of the SMAL model for each sample in the financial market data samples. These 

parameters are dynamically updated in real-time based on the evolving data distributions, ensuring adaptability to concept drift without 
retraining the entire model. 

Table 11: Final Outputs. 

Sample Final Prediction 

1 51.1 

2 50.8 

... ... 

100 49.9 

Source: Authors, (2026). 

Table 11 showcases the final predictions generated by combining the outputs of the DSTCN and SMAL models. These 

predictions represent the most accurate estimates of stock prices, taking into account both temporal dependencies and adaptive 

parameter adjustments in real-time scenarios. It is the logical presentation of the results that demonstrate the true contribution of the 

research and also justify the conclusion. The parts indicated above, Introduction, Material and Methods serve to explain how the results 

are obtained. Use tables and figures for your explanation. The results must be written in the past, in a brief and simple way. Avoid 

redundancy. Analyzing and interpreting the results is part of the discussions, their importance, achievements and limitations, 

highlighting the innovative aspects of the practical applications of the study and the conclusions derived from them, delimiting 

unresolved issues. Ifnecessary, recommendationscanbeproposed. 

V. CONCLUSIONS 

In summary, this study reveals the efficiency of Dynamic Sparse Temporal Convolutional Networks and Sparse Meta-Adaptive 

Learning in the domain of streaming challenges. In experiments using datasets based on contextual data such as Financial Market Data 

and IoT Sensor Data, both models performed without any need for prior data and show better accuracy performance than the standard 

baseline methods. The findings show that DSTCNs and SMAL outperformed Methods [3], Methods [8], and Methods [22] with 6.2% 

and 5.9% on the Financial Market Data, respectively, and 5.5% and 4.5% on the IoT Sensor Data samples. Further, DSTCNs and 

SMAL were found to have a highly reduced resource consumption in terms of CPU cycles and memory usage as well, with up to 20% 

and 30% reductions, respectively, in both datasets. The models exhibit response times that are faster as compared to the baseline 

methods, reducing the response time by up to 40% and 25%, respectively. In future, integration of deep Q learning along with pre-

emption can be added for further enhancing its real-time performance for different scenarios. 
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