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Abstract
The rapid expansion of decentralized, complex streaming data across diverse domains such as
the Internet of Things, healthcare, and smart cities presents significant technical challenges.
These challenges–data heterogeneity (integration of diverse formats and sources), dynamic-
ity (handling real-time data evolution), and high-volume throughput (efficient processing of
large, rapidly arriving data)–are the central focus of this study and are examined in depth.
To address these critical issues necessitates advanced methods capable of seamless integra-
tion, effective real-time reasoning, and continuous learning from heterogeneous streaming
data, thus enhancing real-time decision-making capabilities. This study provides an extensive
review of existing research at the intersection of streaming data, machine learning, and rea-
soning. The literature review categorizes StreamReasoning approaches into three key groups:
Streaming Machine Learning, Streaming Linked Data, and Streaming Knowledge Graphs.
Each category is critically examined in terms of strengths, limitations, ongoing challenges,
and future opportunities identified in recent studies. Additionally, potential integrative solu-
tions that leverage Knowledge Graph structures and advanced Stream Reasoning techniques
are highlighted, illustrating how state-of-the-art modeling methods can effectively address
Stream Reasoning related challenges. The analysis concludes that combining Knowledge
Graph and Machine Learning approaches significantly enhances the capability to manage
and overcome complex Stream Reasoning challenges.
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1 Introduction

StreamReasoning (SR) processes information in real-time bymaking logical deductions from
a dynamic flow of data from various sources [1]. As stream processing technology advances,
it becomes increasingly integral to decision-making across different fields. Commonly used
in Internet of Things (IoT) applications, big data analytics, and monitoring complex systems
like healthcare, SRfinds diverse applications, from smart cities tomanufacturing andfinancial
analysis [2, 3]. This technology speeds up data analysis and allows systems to quickly adapt
to changing conditions.

However, SR encounters several challenges inherent in the nature of streaming data,
commonly characterizedbyheterogeneity, dynamicity, andhighvolume.Heterogeneity arises
from the diverse sources and formats of the incoming data streams, leading to semantic
conflicts and integration issues duringmodeling and reasoning [4–6].Dynamicitymanifests in
the continuous evolution of data streams, requiring constant adaptation inmodeling, updating,
and reasoning over non-stationary data [7].Moreover, the sheer scale and speed of data stream
pose the challenge of high volume, necessitating efficient storage and processing methods for
scalable operations [8, 9]. Although these main challenges —heterogeneity, dynamicity, and
high volume— are addressed by various methods in literature, there is still no comprehensive
method that targets all of them. Based on the characteristics of each challenge, the targeted
application area and its scope, the chosen processing method or approach may vary.

Within SR, numerous approaches utilize Knowledge Graphs (KGs) and Machine Learn-
ing (ML) methods to address its challenges. KGs provide versatile semantic modeling and
querying capabilities that interconnect heterogeneous data and, by structuring and correlat-
ing high-volume streams, simplify large-scale data management [10, 11]. In parallel, the
integration of ML with SR has led to Streaming Machine Learning (SML), where models
continuously learn and adapt to evolving data and concept drift in dynamic streams [12].
These advancements address specific challenges across various domains. For example, in
healthcare, real-time SR applications are crucial for promptly responding to patient needs
through monitoring systems and personalized healthcare programs [13]. Similarly, in indus-
trial processes, real-timemanagement of dynamic, large-scale streamdata is essential. Stream
based ML methods are employed in industrial engines, aiding in the identification of poten-
tial disruptions amidst dynamic and heterogeneous data structures [14]. These examples
highlight the broad applicability of SR solutions across diverse sectors, each confronting its
unique set of challenges.

To identify research opportunities for improved solutions, it is essential to comprehen-
sively study, classify, and analyze various approaches and methods documented in the
literature. This study aims to highlight different approaches grouped into three main cat-
egories: ML, Linked Data, and KGs. It provides an overview of SR-based methods and
assesses their effectiveness on high-volume, heterogeneous, real-time streams.Moreover, this
study identifies ongoing challenges in SR, to shape further research opportunities. Primary
focus is placed on how the integration of SR and KGs helps coping with those challenges,
as analyzed in Section 6. This work further maps how hybrid SR–KGs approaches mitigate
main SR challenges defined in this study (heterogeneity, dynamicity, and high-volume). The
contributions of this study can be listed as follows:
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• Introducing primary challenges —heterogeneity, dynamicity, and high volume— faced
in SR, while categorizing approaches based on their methodologies for addressing these
challenges.

• Exploring studies onSRchallenges, including current SMLandDeepLearning strategies,
and discussing the application of KGs to tackle heterogeneity, dynamicity, and high
volume.

• Identifying open challenges in SR and investigating opportunities in integration of SR
and KGs to alleviate challenges.

• Gathering the metrics and criteria defined in literature that can evaluate the performance
of SR based approaches.

The remainder of this paper is structured as follows. Section 2 presents the fundamen-
tal notions and definitions that underpin the study, including both KGs and SR. Section 3
describes the methodology used for the survey, detailing the research questions, search strat-
egy, and scope. Section 4 outlines the key challenges in StreamReasoning and relates them to
existing work. Section 5 reviews current approaches, classified into SML, Streaming Linked
Data (SLD), and Streaming Knowledge Graphs (SKG), and concludes with open challenges
to investigate further opportunities. Section 6 investigates how the integration of SR and
KGs can address these challenges. Section 7 discusses evaluation approaches and metrics
employed in the literature. Section 8 presents a broader discussion that synthesizes the find-
ings. Section 9 provides the conclusions of the survey. Finally, Section 10 outlines a structured
agenda for future research.

2 Background

In this section, we introduce the main characteristics and definitions regarding KGs and SR.
Then the relationships between these paradigms are highlighted.

2.1 Knowledge graphs

The general definition of KGs in the literature is a data model that represents knowledge
using contextual relationships and semantic structures [15]. The primary purpose of creating
KGs is to construct a meaningful structure by linking data through semantic relationships,
thereby facilitating efficient and intuitive access to information [16]. KGs can be configured
manually or automatically. In manual structuring, domain experts label data elements and
determine their relationships based on literature, common sense, and expert knowledge [15,
17]. In contrast, automatic structuring relies on Machine Learning (ML) techniques, such
as Named Entity Recognition (NER), to identify entities and infer their relationships from
textual data [18]. Additionally, semantic analysis methods and ontologies from the literature
support the automation of this process, enabling the extraction of meaningful relationships
between Knowledge Graph (KG) nodes and edges [17, 18].

For example, the Artificial Intelligence in Knowledge Graph (AI-KG) framework intro-
duced in [19] applies an automated pipeline that combines various tools and evaluation
methods to extract entities and their relationships. Owing to AI capabilities, KGs can inte-
grate, monitor, and process dynamic data from heterogeneous sources through decentralized
architectures. The approach in [10] demonstrates decentralized KG construction for a deep
recommender system. To manage dynamic data, KG frameworks also incorporate semantic
web technologies and ontologies by allowing real-time graph updates [20]. As a result, data
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can be queried, transferred, and accessed via a semantically defined common languagewithin
the KG.

2.2 Stream reasoning

SR techniques interpret rapidly changing complex data streams, extract patterns, and enable
real-time decisions [9].

Also, SR offers to interpret the complex structure of big data through stream-based mod-
eling that adapts to rapidly changing conditions in real-time [21]. Similarly, SR has the
potential to maintain integrity and reliability of large-scale stream data at high speed coming
from various sources or devices. This issue causes challenges while creating streamingmodel
and robustness of the model can decrease [1]. At this point, the use of new approaches with
state-of-the-art MLmethods to increase efficiency of SR has become widespread [22]. When
the stream data is not stable, utilizing ML techniques to process large volumes of data and to
extract patterns from data streams can increase streaming model accuracy [12]. As noted in
Section 1,ML–SR integration gave rise to SML. The learning paradigms of SML are detailed
in Section 5.1, and their relation to SR challenges is summarized in Table 3. In addition to
ML, Streaming Linked Data, which is considered among SR approaches, also plays a role in
improving SR processes.

The subsequent sections will elaborate on the specific features of SR that lead to various
challenges, as well as the ways in which these challenges can be addressed through the
integration of KGs.

3 Researchmethods

Within the scope of this study, we conducted a detailed review of the methods presented
in the existing literature. This process took into account the research criteria commonly
used in systematic reviews and was inspired by the methodology of [23]. The aim is to
better understand the challenges associatedwith stream reasoning (SR), how these challenges
have been addressed by different approaches, and the specific contexts in which they arise.
In addition, this review seeks to identify the limitations of current methods and potential
opportunities for future research in the field. Following the approach of [23], we define a set
of methodological research questions in this section to guide our subsequent analysis. We
also describe the search process, along with the inclusion and exclusion criteria, as illustrated
in Figure 1.

3.1 Research questions

This review study seeks answers to the following main questions:

• RQ1: What are the primary challenges of SR and their causing factors, linked to the
intrinsic nature and characteristics of streaming data?

• RQ2: What are the approaches in the literature that address one or more of these primary
challenges in SR?

• RQ3: How does the integration of SR and KGs alleviate challenges in SR?

In the background section, we discussed the importance and relationship between SR and
KGs. Then, in this section, we introduced the research questions that will guide our literature

123



A Comprehensive Survey of Stream…

review. The purpose of question RQ1 is to identify which are the primary challenges that
arise because of the intrinsic characteristics of streaming data, and investigate their causes.
In RQ2, the goal is to understand how these challenges are evaluated in literature approaches
over various research fields. While identifying which method addresses which SR challenge,
we also aim to reveal additional open issues that may require further investigation. In the last
research question RQ3, we target to see whether integrated approaches that combineKGs and
SR in the literature can effectively tackle stream processing issues. These research questions
have been designed to guide our literature search and structure the review process, thus
allowing us to identify directions for improving SR methods from different perspectives—
i.e.,ML, Linked Data and KGs.

3.2 Search process

The selection of review papers was guided by the criteria illustrated in Figure 1. We focused
on peer-reviewed conference and journal articles published in English within the last 15
years, and accessible through major databases such as DBLP, Web of Science, and Google
Scholar. The studies that did not match the selected keywords, were duplicates or redundant,
exceeded the 15-year threshold, or were not fully written in English were excluded from the
review.

At the end of the evaluation steps by considering inclusion and exclusion criteria, 152main
articles were included in our review study. The papers in this review study were selected by
considering methodological terms in SR, SML, SLD and SKG. The reason behind the eval-
uation of SR approaches over these different search domains is to present state-of-the-art
methods and techniques which meet different streaming challenges. Therefore, it would be
easy to see current issues in SR, and to propose innovative solutions by following develop-
ments in recent years. It is also necessary to clarify why we chose the research keywords
related to these fields. In this context, ML methods bring the advantages of applying data-
centric methods to incoming streams, potentially providing real-time inductive reasoning
through different learning strategies. It also offers methods to reduce heterogeneity, high
volume and especially dynamicity problems caused by the characteristics of data streams.
On the other hand, Linked Data methods structure data streams according to ontology mod-
els, which are useful for better understanding relationships between stream data elements
and their data sources. As a consequence they help to cope with SR challenges arising from
data heterogeneity and dynamicity. Moreover, KGs—which have attracted attention in recent
years—offer opportunities for SR enhancement. Semantic enrichment of large amounts of
data structured asKGs can be utilized by streaming approaches for diminishing the challenges
in reasoning and interpreting dynamic and heterogeneous stream data.

After the final selection of related papers by using the proposed search process, we ana-
lyzed them according to the research questions presented above. At the end of this research
study, we expected to answer to the following sub-questions: What are the main challenges
in SR; What are the factors leading to these challenges; Which SR based approaches are
addressing the challenges;Which types of methodology meets with which challenges;Which
research areas are involving all the challenges; How open challenges arise in this scope;
Which type of approaches tackle the open challenges;What are the advantages and disadvan-
tages of the evaluated approaches;What are the main evaluation criteria of the approaches;
What are the future directions in this area.
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Fig. 1 Schematic view of the systematic literature search

3.3 Related survey comparison

Across recent literature, the fields of SR, dynamic KGs, and SML have each been exten-
sively surveyed. However, existing reviews tend to treat these topics in isolation. There is
still no clear approach that combines semantic reasoning with adaptive learning over hetero-
geneous and evolving, high volume data streams. Yet in real-world settings, such integration
is increasingly needed to reason and learn from complex, streaming data. This motivates a
clearer positioning of our work in relation to existing literature. To situate this survey within
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the existing literature, Table 1 offers a structured comparison of nine recent and represen-
tative surveys, selected based on their thematic relevance and citation impact. Each survey
is analyzed based on four key aspects: (i) surveys’ primary research objective and techni-
cal scope, (ii) the extent to which it explicitly addresses three fundamental challenges–data
heterogeneity (H), temporal dynamicity (D), and high-volume evaluation (V), (iii) the level
of integration between semantic KG structures and SR or ML components, categorized as
none, partial, or full, and (iv) notable limitations of the survey, especially in contrast to the
aspects that are comprehensively addressed in our work.
As summarized in the survey matrix, the majority of prior surveys exhibit one or more of the
following gaps:

• Most existing surveys focus exclusively on either SR or ML, with limited attention to
their integration within KGs centric frameworks.

• Few studies adequately address the necessity of reasoning and learning over heteroge-
neous and temporally evolving semantic data, where schemas and formats vary across
sources and time.

• Limited attention has been given to real-time, high-throughput streaming environments,
where both reasoning and learningmust function under stringent temporal and scalability
constraints.

However, our work uniquely targets the intersection of SR, dynamic KGs, and ML
approaches to provide a unified and scalable framework. The motivation for this integration
is driven by the demands of real-world applications such as IoT, healthcare, and smart-city
systems, where data are heterogeneous, evolves continuously, andmust be interpreted seman-
tically while adapting to concept drift. Unlike previous reviews, our work explicitly targets all
three challenges (heterogeneity, dynamicity, high-volume) and promotesML–SR integration
as a central requirement for scalable, context-aware reasoning.

While Table 1 contrasts surveys thematically, a more technical evaluation is provided
in Table 4, which synthesizes metrics and methodologies in across benchmark studies. This
complementary view further highlights the gaps in current evaluation practices andmotivates
the integrated criteria proposed in our work.

4 Challenges in stream reasoning

In this section, we highlight the primary challenges associatedwith SR.Our focus particularly
centers on the issues of heterogeneity, dynamicity, and high-volume, given their widespread
occurrence in the literature [32]. Addressing these challenges enables the development and
optimization of efficient SR algorithms and systems [32]. To this end, we begin by providing
definitions of heterogeneity, dynamicity, and high-volume, explaining their characteristics
and factors through the exploration of our research question RQ1. We then present prior
literature and methodologies for identifying paths of improvement.

4.1 Heterogeneity

Data streams consumed by stream reasoners comprise various types of observations, events,
and instances continuously generated by multiple sources [7, 8, 33]. These stream items
may encompass textual and numerical data, JSON objects from web-based applications, or
measurements from IoTdevices [4, 34, 35]. This diversity in incomingdata streams introduces
aspects of heterogeneity [36].
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Combining stream data from various sources on a single platform facilitates a more
comprehensive and insightful analysis within the model [37]. This amplifies stream data
correlation, aids in pattern identification, and improves information accessibility [38]. Nev-
ertheless, integrating this diverse data and ensuring system compatibility can be complex due
to variations in data formats, protocols, and interfaces [39]. Therefore, integrating hetero-
geneous data presents significant challenges, especially on large streaming data platforms,
often leading to delays. Implementing a distributed architecture is crucial to streamline the
merging of these diverse data formats across the system [38]. This integration problem is
even more challenging while processing complex and heterogeneous multimedia streaming
data due to the high computational cost incurred in the pre-processing steps [40].

Integrating continuously incoming diverse stream elements necessitates addressing het-
erogeneity at the stream sources initially. Beginning with syntactic heterogeneity, such as
varying structures like JSON or relational-based streams, several approaches have focused
on transforming different formats into structure of KGs like RDF [41]. Mapping-based tech-
niques, including RML or R2RML languages, have been proposed over the years, enabling
the creation of materialized [42–44] and virtual views [45, 46] of streams over semantic mod-
els. While materialization may streamline integration, its practicality hinges on the stream’s
velocity or consumption method. Virtualization holds promise in optimizing transformation
or leveraging query rewriting to delegate most processing to the stream sources.

Modeling heterogeneous stream data poses significant challenges due to the complexity
of expressing such data in a semantically rich and coherent format [47]. Accommodating
these differences using a single model or ontology is difficult since data from various sources
are articulated using different concepts, often with partial overlaps [37, 48]. This scenario
presents obstacles in maintaining semantic integrity and establishing accurate relationships
between data during modeling [49]. Even with the utilization of a common semantic schema
to represent heterogeneous data stream elements, widely adopted KGs frameworks like RDF
have demonstrated limitations in modeling capabilities. The inherent temporal nature of
RDF prompted the development of extensions enabling the representation of time-annotated
graphs, incorporating point-in-time and interval-based semantics [50–52]. These extensions
serve as the foundation for continuous query processing for SKG, as elaborated in Section 5.2.

The characteristics of heterogeneous stream data can pose challenges in effectively pro-
cessing data and deriving meaningful results during real-time reasoning [53]. Reasoning
over heterogeneous stream data remains a challenging task due to the presence of semantic
and syntactic differences [7, 54]. Esposito et al. [55] delve into heterogeneity and complex
processing issues in big data analytics, emphasizing the importance of better semantic repre-
sentation for data integrity. Furthermore, analyzing heterogeneous data at varying speeds and
volumes may necessitate further optimization and incur high distributed computing costs in
dedicated streaming infrastructures [55, 56]. Real-time SR complexity is significantly influ-
enced by the heterogeneous nature of stream data, as adaptation to diverse expressiveness
levels is often required [57]. The heterogeneous data at different speeds and volumes can
make it hard to meet modeling need in terms of scalability and performance requirements
[58, 59]. For dense and heterogeneous data streaming, some data points can be missed,
thus affecting the accuracy and reliability of the model [53]. Overcoming these challenges
involves representing data in a richer form by amalgamating heterogeneous information from
different sources, while ensuring overall coherence [60]. Additionally, enhancing reasoning
performance over complex data arising from heterogeneous streaming data is crucial [8].

In addressing the challenge of heterogeneity, various works in the literature have made
significant contributions. For instance,Corral Plaza et al. [4], Su et al. [33], andPeng et al. [61]
have targeted distinct objectives related to managing heterogeneous stream data. While the
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general difficulty of handling heterogeneous stream data is discussed in [32, 62], Corral
Plaza et al. [4] and Su et al. [33] specifically focus on heterogeneity within the IoT domain,
particularly related to device diversity. Peng et al. [61] aim at integrating heterogeneous
data in dynamic environments, while Brewka et al. [63] address the topic of multi-layer
heterogeneous data integration in health and home settings.

4.2 Dynamicity

In addition to the challenges posed by the diverse structure of streaming data, we also explore
the challenges arising from its constant changes. This continuous flow of changes, known as
dynamicity, [64] is influenced by factors such as the source or environment of the streams.
The primary challenge with dynamic streaming data is its rapid and high-volume nature in
various formats and structures [65, 66]. Furthermore, the data structure may change during
streaming, making it challenging to process quickly during SR. Data streams consumed by
stream reasoners consist of a combination of different types of observations, events and
instances continuously produced by various sources [7, 8]. This continuous stream requires
instant updates, especially in high-speed scenarios where unexpected changes occur [56].

Because of dynamicity, maintaining consistent modeling and reasoning processes in
real-time requires rapid adaptation, making standard approaches impractical. Extracting
high-level knowledge from time-annotated dynamic data for decision-making also presents
a significant challenge. Additionally, during the reasoning process, data quality directly
impacts performance, making it crucial to manage input stream inconsistencies and noise
[67]. Improving data quality helps to prevent decisions based on inaccurate or incomplete
information [68]. To tackle these challenges, it’s important to swiftly detect instant changes
and anomalies to adapt to existing patterns effectively [69]. Also, dynamic systems must be
able to recognize, merge, and understand diverse, dispersed data streams to automatically
analyze incoming data [32]. Similarly, Anicic et al. [70] propose a new language model
for SR and to bolster semantic web tools, which may struggle to process rapidly changing
complex data provided by event streams.

The constantly changing nature of stream data, occurring at different speeds and volumes,
poses challenges in analysis, especially with unreliable data sources [1]. This issue is particu-
larly prominent in common use cases like IoT or theWeb of Things, where noise, incomplete,
and erroneous information from different sources may compromise the reliability of analyses
[3, 53]. This unreliability of data during SR can hinder the detection of abnormal situations
in industrial processes [71]. Moreover, effective resource management becomes imperative
in the face of instantly changing data dynamics [72]. Dynamic SR demands a high level
of computational power to process continuous and variable data streams in real-time [7].
Limited computing resources may slow down data processing and analysis, thus affecting
efficiency and model performance [66, 73].

The challenges posed by the dynamism of stream data have been extensively discussed in
various methodological and review studies, which examine SR from different perspectives.
Notably, this dynamic nature is not solely defined by the intrinsic velocity of data sources,
but also by continuous changes in data quality, update frequency, source provenance, and
usage context [1].
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4.3 High volume

Another major challenge in stream data processing is dealing with continuous and dense
stream data at high speed and in large quantities [74]. This type of large-scale streaming
data is often termed as high-volume stream data and is crucial in real-time applications [75].
There are several factors contributing to the challenges of processing high-volume stream
data. The main issues include the need for real-time processing, high computation costs, and
managing the rapid growth of data at high speed [21, 76].

Managing high-volume stream data presents several challenges stemming from both
infrastructural and algorithmic limitations. A key issue is the difficulty of real-time pro-
cessing, often due to inadequate system capacity to ensure accurate SR [77]. Additionally,
existing algorithms may lack the efficiency to process continuous, high-speed data within
limited time constraints [78]. The dynamic and complex nature of streaming data can further
hinder model accuracy and reliability [32]. Finally, high computational costs represent a
significant barrier to effective high-volume stream data management. This problem is often
worsened by limited memory resources [21].

When the memory required to process high-volume data exceeds the limits of conven-
tional data processing systems, computational constraints become evident [79]. In such cases,
instant analysis and the extraction of meaningful insights become increasingly difficult.
Effective management of these limitations is crucial for achieving accurate analysis and
for minimizing redundant computations through efficient resource allocation [80]. More-
over, the development of optimized learning algorithms for processing large-scale streaming
data remains a critical challenge [73]. The high speed and dimensionality of the data further
complicate anomaly detection within the strict time constraints of real-time environments
[81, 82]. Even big data tools often struggle to manage, monitor, and process these contin-
uously growing data streams within acceptable latency thresholds [53]. Collectively, these
factors underscore the complexity of handling high-volume streaming data.

To handle high-volume streaming data, various algorithms and approaches have been
developed, supported by appropriate technological infrastructures and resources. In pursuit of
this goal, researchers have investigated and addressed numerous challenges through reviews
and diverse approaches. For example, studies such as [12, 22] focus on the challenges faced
in managing high volumes of streaming data, identifying open challenges in specific areas
such as SML. Similarly, in another study, [33] explores all the challenges highlighted in
our study (including heterogeneous, dynamic, and high-volume stream data management),
aiming to extract high-level information from various IoT devices. Furthermore, challenges
arising during the reasoning and processing of high-volume stream data are tackled across
different application domains, offering solutions or exploring these challenges further.

Table 2 outlines the three principal challenges in SR (heterogeneity, dynamicity, and high-
volume) as identified through recurring patterns in the literature. These challenges reflect
systemic obstacles in processing and reasoning over streaming data in real time, and are crit-
ical to the design of scalable and adaptive SR systems. For each challenge, the table identifies
a set of contributing factors that underlie its emergence. These factors arise from the intrinsic
properties of streaming data, such as diverse formats, temporal instability, and scale. They
are also shaped by the limitations of current infrastructures and modeling frameworks. The
“Causal Relationship” column provides a structured explanation of how each factor leads
to the corresponding challenge. These links are not merely descriptive but reveal the under-
lying mechanisms through which stream data properties manifest as reasoning bottlenecks.
For example, the lack of a unified data representation complicates semantic integration and
this leads directly to the challenge of heterogeneity. Similarly, unstable or rapidly changing
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input distributions result in model degradation, which characterizes the challenge of dynam-
icity. High throughput requirements and memory limitations increase computational loads,
leading to the high-volume problem. On the other hand, the “Reference Studies” column
includes selected references that discuss these challenge-related factors in applied or theo-
retical contexts. These works do not necessarily offer complete solutions but are relevant in
how they expose, examine, or mitigate aspects of the challenges. For example, studies on
schema alignment and RDF transformation relate to the modeling of heterogeneous streams;
others explore concept drift adaptation or propose scalable data processing techniques.While
diverse in scope and methodology, these studies share a thematic connection to the structural
origins of the SR challenges. To sum up, the table provides a comprehensive conceptual
structure for understanding the foundational difficulties in SR and how they relate to various
operational and representational constraints. It also serves as a bridge to the next section (Sec-
tion 5), wherewe examine howdifferentmethodological approaches address these challenges
through specific technologies and paradigms.

In brief, the reasoning of heterogeneous, dynamic, and high-volume streaming data
presents various challenges, including different data formats, semantic incompatibilities,
synchronization issues, and scalability concerns. To address these challenges effectively
necessitates the application of advanced data processing algorithms and techniques. Given
this context, it becomes crucial to thoroughly examine and analyze the approaches developed
using diverse techniques and algorithms in the literature. This step clarifies key challenges
in streaming data, while helping to design effective solutions. Each approach is reviewed to
find strengths and weaknesses, thus allowing new methods to emerge and existing ones to
improve. The next section addresses these goals as part of RQ2.

5 Existing approaches addressing challenges in stream reasoning

SR methods allow for real-time data processing, semantic inference, instant data inte-
gration, and adaptive modeling to tackle the challenges of diverse, constantly changing, and
high-volume data streams. In this section, we highlight advanced SR approaches and identify
the previously discussed challenges. We offer insights into addressing RQ2, which focuses
on how these approaches manage high-volume, dynamic, and heterogeneous data streams.
These methodologies are grouped into three categories based on their methodological or
technological approach:

• SML is predominantly utilized to address the challenges associated with dynamic and
high-volume streaming data, although it touches on the challenge of heterogeneous data
to some extent [83].

• SLD approaches primarily focus on handling heterogeneity and data integration, ensuring
continuous updates while preserving semantic relationships [84].

• SKG approaches offer effective solutions for enhancing real-time data comprehension in
dynamic environments, while allowing for flexible management of large volume stream
data and the heterogeneous structure and complex relationships of this data [85].

We show how these SR approaches relate to each other and explain how they handle the
challenges above presented. We conclude the section by highlighting the ongoing challenges
posed by the models, setting the stage for RQ3. To support this analysis with a conceptual
overview, Figure 2 synthesizes the methodological landscape and challenge coverage across
the main categories.
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Fig. 2 Taxonomyof stream reasoning approaches, organized into threemain categories (SML, SLD, andSKG),
each comprising representative subtypes. H/D/V markers indicate the extent to which each sub-approach
addresses the key challenges of heterogeneity, dynamicity, and data volume: a solid circle denotes strong
coverage, a half-filled circle indicates partial relevance, and an empty circle signifies minimal or no direct
focus. This structure facilitates a clearer understanding of the relationships between methodological classes
and the challenges they aim to address

Figure 2 provides a taxonomy of stream reasoning approaches, structured along three
major methodological paradigms: SML, SLD, and SKG. Each category includes represen-
tative sub-approaches that reflect the diversity of techniques proposed in the literature. The
figure also integrates three key system-level challenges defined in this study (heterogene-
ity, dynamicity, and volume) by indicating, for each sub-approach, the degree to which it
addresses these aspects. This classification is designed to serve as a conceptual reference
framework that guides the discussion in the remainder of the survey to help organize the
broad and complex solution space covered. Among the categories, SML approaches exhibit
particularly highmethodological diversity and structural depth by combining techniques such
as online, continual, or drift-aware learning. While Figure 2 offers a high-level conceptual
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view, Table 3 complements it by providing a more granular and literature-grounded break-
down of the various SMLmethods, explicitly mapping them to the corresponding challenges
they address.

5.1 Streamingmachine learning

SML is based on ML techniques that incorporate adaptive models and real-time updates,
which adjust to dynamic structures for processing streaming data [22]. Several evolving
algorithms and tools in ML, along with streaming algorithms and frameworks, are designed
specifically to handle large data stream volumes [12]. Thanks to their flexibility and adapt-
ability, they can interpret and process different data types and structures, effectively tackling
challenges arising from data heterogeneity [86].

We categorize the current technologies ormethods provided byMLbased on their underly-
ing learning approaches. Additionally, we incorporate existing works based on the modeling
strategies, encompassing hybrid algorithmic dependency models and KGs.

Online learning enables themodel to quickly adapt to dynamic and changing environmen-
tal conditions on constantly incoming data streams, so it can produce accurate and up-to-date
results in real time [87]. Due to the high dynamicity the models have difficulty adapting to
new incoming data, which may cause model performance to decrease, a phenomenon known
as Concept Drift [88]. To deal with the dynamic structure of streaming data by addressing
concept drift, [89] proposes an online semi-supervisedmethodwith a group ofmicro-clusters.
Another study related with Online Learning [90] targets the challenge of high-volume with
high speed in big data streams to address limitations of batch learning methods.

Incremental Learning allows new incoming data to be continuously integrated into the
stream and reliably updates the model over time by adapting to changing data distribu-
tions [91]. This learning presents cumulative learning and decision-making capabilities with
adaptation the speed, size, and variability of large scale data for in-depth understanding of
stream sequences [92]. Owing to the opportunities brought by Incremental Learning, tar-
geted SR challenges can be improved. In this line, the study in [93] offers a solution to cope
with imbalanced data streams that occur because of non-stationary dynamic environment.
Nikpour and Asadi [94] propose a dynamic hierarchical incremental learning-based super-
vised clustering method for data streams, addressing challenges related to concept drift, high
speed and large volumes. Abdallah et al. [95] provide a comprehensive review of real-time
activity recognition techniques over evolving data streams, emphasizing the role of SR in het-
erogeneous sensor environments. Le-Phuoc et al. [96] introduce a scalable neural-symbolic
stream reasoning approach that combines learning and incremental reasoning to improve the
performance of real-time monitoring systems under dynamic streaming conditions.

ContinualLearning enablesmodels to retain previously acquired knowledgewhile adapt-
ing to new, incoming data. It improves performance by handling continuous updates in data
streams and adjusting to changing conditions over time [97]. In the context of SR, Criado et
al.[98] apply Continual Learning strategies within a federated learning framework to classify
heterogeneous and evolving data. To address the real-time and dynamic nature of streaming
environments, Ashfahani et al.[99] propose Online Continual Learning algorithms that make
efficient use of computational resources and mitigate catastrophic forgetting [100].

Active Learning facilitates the selection of highly representative data samples and plays
a critical role in semi-supervised learning by reducing labeling costs in dynamic streaming
environments [101]. To support this objective, Ienco et al. [102] propose an Active Clus-
tering Learning approach for data streams. This method uses a pre-clustering mechanism
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to identify the most informative instances, helping to mitigate the effects of concept drift
caused by stream dynamics. Similarly, Žliobaitė et al. [103] introduce three Active Learning
strategies aimed at selecting the most uncertain samples for real-time concept drift detection.
Wassermann et al. [104] extend earlier work by introducing a stream-based Active Learning
approach. It applies Reinforcement Learning to decide the most suitable time for querying
the oracle, improving adaptation to concept drift while minimizing labeling cost.

Reinforcement Learning has been applied alongside Active Learning in supervised
modeling to address the challenge of dynamicity in streaming data [104]. Reinforcement
Learning enables agents to learn optimal actions by interacting with their environment and
using reward-based feedback [105]. Dodaro et al. [72] improve SR performance under high-
throughput conditions by using Reinforcement Learning to define learned constraints and
enhance cachemanagement. Russo et al. [106] employReinforcementLearning algorithms to
managehigh-volume streamingdata fromheterogeneous sources. In addition, attention-based
deepReinforcementLearningmethods are used to enhanceSRover large-scale, complexKGs
by learning dynamic relationships between paths [107].

Concept Drift Detection Methods are specifically geared towards managing and under-
standing the dynamic nature of data streams rather than the adaptations of learning
models [108]. Therefore, they solely address the challenge of dynamicity in stream data
by detecting changes (drifts) over time that affect the performance of learning models. In
contrast to learning strategies, concept drift detection methods focus more on monitoring
and adapting to changes in data distribution [109]. There are three common approaches.
Statistical methods track changes in data distribution [16]. Window-based methods compare
recent data with earlier segments within defined time intervals. ML-based methods monitor
model performance in real time to identify drift [110, 111].

Sequential Models are essential for handling data with time dependencies and tracking
temporal changes in stream [112]. They offer flexibility in processing dynamic, large vol-
ume of stream data from different sources in dynamic environments. For example, [113]
overcomes complex reasoning over time-annotated high-volume and speed stream data by
sequential Recurrent Neural Network (RNN) with Answer Set Programming. [114] bene-
fits from RNN and CNN based time series modeling capabilities for improved reasoning
with C-SPARQL to address real-time high-frequency stream data. On the other hand, [115]
develops Long-Short-Termmemory (LSTM) based multi-task learning system to tackle with
challenges in processing of heterogeneous, sparse, complex stream data coming from user
activity sensors.

Table 3 presents ML-based approaches that address key challenges in SR, particularly
those related to heterogeneity, dynamicity, and high data volume. Among these, Incremental
Learning and Sequential Model approaches have shown to tackle all three core challenges.
The table also maps each SMLmethod to the corresponding SR challenge and its supporting
literature. Dynamicity appears to be the most commonly addressed challenge across all SML
methods. Overall, Incremental Learning, Reinforcement Learning, and Sequential Models
demonstrate broader applicability by covering all identified challenges. However, the most
appropriate method may vary depending on the data type, application context, and current
technological capabilities.

5.2 Streaming linked data

SLD focuses on methods that improve the integration and utility of real-time data from
diverse web sources by using semantic queries and continuously updated streams [84, 118].
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Table 3 Group of SML Based
Studies in Literature According
to Their Relation with the
Highlighted Main Challenges

Challenge SML Approaches Studies

Heterogeneity Incremental learning [116]

Continual learning [98]

Reinforcement Learning [106, 117]

Sequential Models [115]

Dynamicity Online Learning [87, 88]

Incremental learning [91, 93, 96]

Continual learning [98, 99]

Active Learning [102–104]

Reinforcement Learning [72, 104]

Concept drift detection [109–111]

Sequential Models [114]

High-Volume Online Learning [90]

Incremental learning [92, 94]

Sequential Models [113]

Reinforcement Learning [106, 107]

In particular, Linked Data approaches view the web as a global data space by using URIs for
unique identification, HTTP for access and dereferencing, and RDF for data modeling and
representation [118].

To overcome these limitations, the literature proposes streaming extensions to Linked
Data, enabling the processing of stream data and logical inferences [119]. These technologies
collectively address challenges posed by high-volume, dynamic, and heterogeneous stream
data across various learning paradigms. For instance, [120] employs RDF and Semantic
Web technologies for real-time representation, integration, and querying of heterogeneous
stream data in the big data domain. Similarly, Calbimonte et al. [121] employ RDF Stream
Processing (RSP) engines and propose extensions to SPARQL that support query rewriting
and continuous querying over heterogeneous RDF data streams. These enhancements aim to
improve the efficiency and scalability of stream data integration and reasoning.

Furthermore, semantic web technologies such as Complex Event Processing (CEP) and
RSP are employed to detect and extract meaningful patterns from data streams [51]. CEP is
used to identify semantically complex events in heterogeneous streaming data, while RSP
integrates, analyzes, and reasons over RDF streams from diverse sources [9].

Within the framework of SemanticWeb technologies and SR, heterogeneous data streams
from IoT devices can be instantly harmonized with ontological models, enabling semantic
integration and real-timedecision-making [54]. In this context, semantic reasoning techniques
are explored to support responsive IoT applications, with a focus on context interpretation
and semantic information extraction [122].

Maarala et al. [122] compare the scalability of various distributed reasoners using semantic
methods in real-time settings. Similarly, Abeykoon et al. [123] integrate static knowledge
from Semantic Web ontologies with dynamic data from IoT devices to monitor patients’
health conditions in real time, demonstrating the enhanced utility of semantic enrichment in
SR.

To process high-volume semantic data during reasoning, Oren et al. [124] propose the use
of RDF engines based on a divide-conquer-swap parallel computing strategy. Additionally,
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Della Valle et al. [62] and Margara et al. [7] explore real-time data integration and dynamic
semantic interpretation for continuous stream data using Semantic Web technologies.

5.3 Streaming knowledge graphs

KGs effectively organize and represent information, making it applicable across a wide
range of SR applications [125]. Some KGs are specifically designed to manage continuously
updated data streams, offering flexible structures and embeddings that support real-time
integration, analysis, and decision-making [126, 127]. The ability of dynamic KGs to process
real-time updates accelerates high-volume data processing by continuously reflecting the
latest information, thereby supporting timely and informed decisions [128].

For example,Omran et al. [10] proposed an approach to learn temporal rules fromdynamic
KG streams using the StreamLearner system. Similarly, Barry et al. [128] examined graph-
based online learning for high-velocity data streams in large-scale networks. To manage big
data, Bellomarini et al. [129] introduced a KGmanagement system with advanced reasoning
capabilities, designed to handle the scalability of streaming data with efficient computational
complexity. Furthermore, SR models can integrate with heterogeneous data sources, while
KGs effectively assimilate information from diverse formats and origins [130].

Due to the dynamic nature of stream data, SR models must rapidly adapt to evolving
inputs, which often leads to concept drift [88]. To address this, Chen et al. [131] propose an
enhanced drift detection method that leverages KGs embeddings and semantic components.
Among the related studies, Barry et al. [128] is particularly notable, as it addresses all three
core challenges examined in this paper–namely, heterogeneity, dynamicity, and high-volume
stream data. Their graph-based online learning approach enables real-time reasoning over
fast and large-scale data while effectively handling structural and temporal variability.

5.4 Open challenges

We investigate SR approaches developed to address the challenges posed by hetero-
geneous, dynamic, and high-volume data streams. Despite significant progress, persistent
problems remain. In particular, efforts to tackle these fundamental issues have inadvertently
led to the emergence of additional open challenges, which remain unresolved in the literature.
While this study does not explore these in detail, we introduce them by highlighting their
origins and related approaches discussed in previous work.

Dynamic data streammanagement is a keydriver behindmanyof these open challenges.As
models continuously process real-time dynamic data, they may overfit to recent inputs while
forgetting earlier information, i.e., exhibitingCatastrophic Forgetting [100]. Techniques such
as Elastic Weight Consolidation (EWC) and Gradient Episodic Memory (GEM) have been
proposed to address this issue, but their applicability to real-world scenarios remains lim-
ited [132]. Anothermajor challenge isConceptDrift, where statistical properties of streaming
data evolve over time, degrading the performance of reasoning models [13, 88]. Despite the
development of numerous detection techniques, this issue persists due to complexities such as
drift heterogeneity, high false detection rates, class imbalance, and increased computational
burden [133].

Scalability also remains a critical open problem, especially when processing high-volume
streaming data. This is often caused by system-level limitations and the complexity of hetero-
geneous semantic representations [134, 135]. Scalability refers to a system’s ability tomanage
growing volumes of complex data without compromising performance [136]. Closely tied to
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Fig. 3 Hierarchical view of some open challenges arising from main challenges (heterogeneity, high-volume,
dynamicity) which are addressed by various approaches

scalability is the challenge of high computational cost, which varies depending on the com-
plexity of the models and algorithms used to process evolving data streams [137]. Even with
distributed processing architectures, unpredictable data patterns can still lead to increased
resource consumption [38].

Figure 3 illustrates the hierarchical relationship between themain SR challenges discussed
in this study and the open challenges that emerge as a consequence. The figure is constructed
in a bottom-up manner to reflect the structure of the analysis. It first shows how approaches
within categories such as SML, SLD, and SKG address the primary SR challenges, namely
heterogeneity, dynamicity, and high volume. It then illustrates how these challenges give
rise to open issues, including scalability, computational cost, concept drift, and catastrophic
forgetting. The arrows depict the links between specific main challenges and the open issues
they contribute to.

In summary, while existing SR approaches provide useful solutions to core challenges,
they also uncover new problems that require further research. As real-time systems continue
to deal with fast, heterogeneous, and large-scale data, developing more adaptive, scalable,
and efficient methods remains essential for advancing the field. The next section (Section 6)
analyzes how integrating SR with KGs can enhance stream-data management and answers
RQ3.

6 Stream reasoning and knowledge graphs integration

In this section, we discuss SR–KGs integration for improving streaming data management.
First, we outline the benefits of KGs for SR; then, we examine how SR exploits KG-based
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reasoning. We analyze how the integration mitigates heterogeneity, dynamicity, and high-
volume constraints, and illustrate this with representative use cases from the literature.

Current streaming models have issues while reasoning over rapidly changing knowledge
because of the arising challenges in a dynamic environment. For instance, Dynamic KGs,
which have a structure that can adapt to constantly developing and changing data, can be
used to improve reasoning processes [126]. We introduced this improvement in the previous
section by sharing how KGs based approaches address the basic difficulties encountered
during SR through a few approaches from the literature.

KGs offer a flexible and scalable solution for managing constantly evolving stream data
in dynamic environments [7]. By enforcing logical relationships and semantic context, KGs
enable SR, which facilitates data integration and supports real-time decision-making across
diverse applications [125, 138]. SR contributes to the evolution of KGs by enabling real-time
processing and offering key functionalities such as inference over data streams, pattern extrac-
tion, and adaptive modeling [85, 138]. These capabilities allow KGs to handle large-scale
stream data, support continual learning, recognize complex events, and integrate hetero-
geneous data sources [139]. Barry et al. [128] propose a KG-based approach with online
learning that supports real-time processing and pattern recognition. Their method dynami-
cally updates streaming models, handles heterogeneous data, and scales effectively for large
networks under high-volume data streams. Similarly, Le et al.[140] introduce a live KGs
based software engine that processes fast, high-volume streaming data from heterogeneous
IoT sources. The system integrates Linked StreamData [141] to ensure real-time and scalable
data management.

The integration of KGs and SR offers a promising direction for addressing unresolved
challenges in stream data management. One of the most prominent of these challenges is the
concept drift problem [13], as discussed in the previous section. A key difficulty in manag-
ing concept drift arises from the inability to semantically interpret inconsistent or evolving
information in the data stream [108, 131]. To address this issue, some approaches incorporate
KG embeddings to extract semantic features from streaming data, improving the handling
of concept drift. This integration demonstrates that challenges traditionally associated with
SR can be re-examined and improved by using KGs. In line with this idea, Trivedi et al. [85]
propose a deep learning framework that models non-linear temporal dynamics and updates
embeddings over time, offering a solution for temporal reasoning in dynamic KGs. Another
notable example is the self-developing reasoning method introduced by Wang et al. [142],
which adapts autonomously to environmental changes in real time. Their autonomic KG
system combines semantic connections between nodes to continuously update and suggest
task-user relationships. These examples illustrate how the integration of KGs and SR can
enable more effective management of dynamic by evolving information through tailored
reasoning strategies.

The approaches emerging fromKGs and SR target another ongoing challenge, Scalability,
and offer suggestions for its solution. For instance, Zhu et al. [143] presents a shortest path
algorithm which uses only highly required nodes and edges to handle scalability problem
in large-scale KGs reasoning. Similarly, Oliveira et al. [144] also offers a KGs management
system that supports continuous querying to process high-frequency data stream efficiently
and quickly on the Edge device. This system is based on RDF graphics that support differ-
ent SR models. It offers a scalable query processing structure that can detect anomalies. In
another example, Ren et al. [145] recommends a scalable framework that enables a multi-
hop reasoning in KGs, which provide efficient reasoning even in large-scale complex KGs.
Their approach improves reasoning efficiency by operating directly on the graph and opti-
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mizing resource usage by storing embeddings on the CPU while minimizing GPU memory
consumption.

Beyond scalability, another persistent challenge is computational resource management,
which often varies depending on the complexity of the proposed methods. Yang et al. [146]
tackle the challenge of computational efficiency in complex factoid question answering by
designing a two-step reasoning framework. First, they construct an evidence graph that filters
and retains only the most relevant entities and relations from the knowledge base, based on
the input question. Then, they combine this graph with the syntactic and semantic features
of the question and feed them into a graph neural network for reasoning. This targeted
representation significantly reduces computational overhead while enhancing both accuracy
and response time. Similarly, Zhu et al.[147] address high resource consumption through a
model distillation framework that lowers embedding dimensionality and enhances reasoning
efficiency in KGs. This builds upon prior findings by Ruffinelli et al.[148], which emphasized
the computational burden ofmanaging high-dimensional embeddings. Finally, Bellomarini et
al. [149] introduce the Vadalog system–based on a datalog fragment as a scalable solution for
knowledge representation and reasoning. By incorporating a termination strategy, the system
avoids unnecessary reasoning steps, balancing computational complexity with expressive
power, even in large-scale KGs [150].

When the capabilities of KGs and SR are combined, their complementary benefits in
processing streaming data and enhancing reasoning processes as in following:

• KGs represent relationships and connections between data in semantically rich contexts,
enabling SR methods to perform real-time inference and support decision-making in
dynamic environments.

• While KGs semantically integrate heterogeneous data from diverse sources with varying
structures, SR methods enable continuous processing and updating of this integrated
information.

• The deep, structured knowledge stored in KGs can serve as a comprehensive foundation
when enriched with real-time data processed by SR methods. This integration enhances
scalability and supports efficient handling of high-volume data streams.

• By combining historical knowledge in KGs with current observations from SR, systems
can achieve more generalizable and robust models.

In light of these insights, it can be concluded that the integration of SR and KGs offers
significant advantages in addressing the challenges posed by heterogeneous, dynamic, and
high-volume streaming data.

7 Evaluation of streaming approaches

The performance evaluation criteria and metrics of SR models vary across application
domains, despite the existence of commonly accepted standards in the literature. This section
discusses the prominent evaluation criteria used in streaming approaches, organized under
the main categories of SML, SLD, and SKG. The aim is to provide an innovative contribution
by jointly and comparatively analyzing these criteria across different approaches.

To the best of our knowledge, no previous SR-related survey has presented the evalu-
ation methods of all relevant studies in a consolidated manner. In this regard, compiling
these criteria offers a novel perspective for the literature. Accordingly, the evaluation criteria
identified in the approaches discussed in Section 5 are summarized in Table 4. The table
presents the evaluation metrics under 3 main headings and 7 sub-headings of SML, based
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on the approaches in the literature, as categorized in Section 5. Thus, common metrics used
by the methods shared in these approaches were revealed. Accordingly, we observe that the
most common evaluation criteria are Accuracy and Time Cost which name varies based on
the method as Execution Time or Time Cost. However the Cluster Purity, V-Measure and
Jaccard Coefficient are specified for only Incremental Learning related approaches. On the
other hand, the Throughput criterion, which refers to the number of samples processed per
unit of time, is commonly employed in SLD and SKG approaches but is generally absent in
SML studies. This criterion, along with other performance metrics, is used to evaluate the
effectiveness of the proposed methods. The comparative performance results are reported by
using datasets with varying distributions across multiple application domains.

In SML based approaches, model performance is closely tied to timely adaptation and
accurate prediction due to the continuous learning strategies offered by methods such
as Online Learning, Incremental Learning, and Continual Learning. Conversely, Active
Learning and Reinforcement Learning employ semi-supervised strategies on representa-
tive sub-datasets and evaluate model performance under evolving stream structures by using
metrics such as Page-Hinkley [104], which support real-time drift detection. Concept Drift
Detection Methods (CDDM) are particularly suited to the dynamic nature of streaming data.
These approaches offer the broadest range of evaluation metrics for drift detection, which
vary depending on dataset characteristics and algorithm design. Time-series-based Sequen-
tial Models commonly rely on metrics related to processing time and error rate over fixed
intervals. Among the primary streaming reasoning approaches, SLD evaluates performance
based onwhetherWeb-based linked data can be processed within acceptable delay thresholds
using accurate, optimized memory management.

On the other hand, KG based approaches stand out for their broad evaluation criteria,
ranking second only to CDDMmethods. These criteria are used for tasks like missing entity
detection, link prediction, and assessing how models handle data drift. The diversity of
evaluation criteria observed in these approaches within the context of SR highlights their
methodological richness. In particular, CDDM and SKG approaches appear to provide more
suitable foundations for developing adaptive methods tailored to stream data.

8 Discussion

This survey presents a comprehensive review of current research in SR, focusing on its core
challenges in the context of real-time decision-making. By utilizing state-of-the-art tech-
niques from ML, Neural Networks, and KGs, the study addresses key challenges associated
with dynamic, heterogeneous, and high-volume data streams.

The research begins byoutlining themethodological criteria used in the literature, followed
by brief explanations of SR and KG concepts. It then categorizes major challenges in stream
processing, examining their origins and how they are defined in existing works. Prominent
solutions proposed in the literature are discussed under three main categories: SML, SLD
and SKG. In addition, unresolved secondary challenges that emerge from these core issues
are identified, and the potential of SR–KG integration in addressing them is explored.

While streaming approaches offer several benefits, they also present notable limitations
in real-time reasoning over streaming data. These issues can be observed across the main
categories of SML, SLD, and SKG. Within SML, learning strategies such as Online, Incre-
mental, and Continual Learning are generally considered suitable for continuously streaming
data. However, their performance may degrade in the presence of concept drift [88], where
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sudden changes in data format or type hinder adaptation. Although these models can pro-
cess dynamic data without retraining for each new dataset and can reduce certain concept
biases through adaptive learning and memory mechanisms [151], they remain vulnerable
to catastrophic forgetting–over-adapting to new inputs while losing previously acquired
knowledge. Continuous learning methods propose mitigation strategies, but no complete
solution exists yet [152]. Active Learning can reduce labeling costs, but selecting an optimal
representative dataset becomes complex in heterogeneous and rapidly evolving streams. Sim-
ilarly, Reinforcement Learning applied to high-volume, high-velocity streams, especially in
feedback-driven environments [72], can be computationally expensive. Moreover, constantly
changing stream characteristics may impair RL models’ generalization ability. Concept drift
detection methods, though designed for real-time adaptability, often fail to scale effectively
with high-speed and large-volume streams. Accurate detection requires retaining historical
data and addressing catastrophic forgetting, which in turn demands significant computational
resources. This requirement is also a limitation for other learning strategies. Sequential mod-
els such as LSTM and RNN, which rely on storing and analyzing past data, can also struggle
with massive, dynamic streams. Insufficient storage and processing capacity may prevent
them from capturing evolving patterns by limiting their suitability for SR compared to other
strategies.

Semantic models used in SLD for integrating and interpreting large volumes of heteroge-
neous data from multiple sources may lack the flexibility and speed needed to capture and
process inter-data complexity in real time. While this integration is essential for managing
data heterogeneity, it can hinder accurate and efficient real-time SR. Similarly, SKG pro-
vide an effective infrastructure for storing and processing heterogeneous and dynamic data
streams. However, the need for continuous knowledge base updates increases computational
demands during reasoning and can reduce overall efficiency. Conversely, KGs enhance SR
by supplying meaningful, high-volume data representations to ML models, enabling them to
capture relationships more effectively and improve performance.

As discussed in Section 6, integrating SR with KGs, and when appropriate with ML, can
help address unresolved challenges. KGs semantically organize large-scale, continuously
streaming data, assisting ML models in knowledge retention and mitigating issues such as
catastrophic forgetting and scalability constraints. This integration creates a more adaptive
system for handling dynamic streams. Additionally, the constantly updated nature of KGs
allowsMLmodels to adapt during the SR process, improving responsiveness to concept drift.

Despite these benefits, such integrations require complex and computationally expensive
modeling of high-volume, dynamic data streams, as well as substantial processing power and
memory resources. Incorporating noisy and heterogeneous data from multiple sources can
also create compatibility issues, increasing error rates and reducing system performance.

The approaches discussed in the categories of SKG, LinkedData, andML in relation to SR
share common limitations when processing heterogeneous, dynamic, high-volume streams.
Real-time reasoning can be constrained by time requirements, and the variable quality of
incoming data can negatively affect model accuracy. Furthermore, storing and processing
large-scale streams imposes both computational and memory costs. Nonetheless, integrating
KGs, SR, and ML offers promising state-of-the-art solutions to these challenges. This study
emphasizes the importance of such integrations and aims to guide the development of SR-
based solutions aligned with current technologies.
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9 Conclusion

This study identified the main challenges in SR and their underlying causes by reviewing
the literature. We evaluated various algorithmic and technological approaches proposed to
address these streaming challenges and grouped them into categories (summarized in Table
4). Thereby, we also uncovered several open challenges that emerge indirectly from these
issues and remain unsolved. A key finding of our analysis is the importance of integrating
SR with KGs structures, since KGs provide a strong framework for storing and representing
large-scale streaming data. Through examples from the literature, we illustrated how this
integration can effectively address the identified challenges. Moreover, incorporating state-
of-the-art techniques into these approaches yields more effective solutions for managing
streaming challenges. The basic challenges in SR discussed in this study are heterogeneity,
dynamicity, and high volume, which stem from the nature of streaming data. We categorized
existing solutions for these challenges into three main paradigms: SML, SLD, and SKG,
and analyzed the suitability of each for tackling different issues. Within SML, we explored
the advantages and limitations of state-of-the-art online, incremental, continuous, active,
and reinforcement learning strategies, as well as concept drift detection and time-series
methods. These approaches vary in their application andmethodology: some addressmultiple
challenges, while others focus on a specific one. Based on our analysis, SLD (using ontologies
to connect diverse data formats and semantics) is well-suited for addressing heterogeneity.
SKG can be more effective for heterogeneity, owing to its graph structure that accurately
represents relationships among complex data. For dynamicity, SML approaches leverage
adaptive, continuous learning algorithms to capture evolving patterns, and SKG approaches
provide flexible data infrastructures to manage continuous dynamic data streams. This makes
both categories effective for this challenge. To handle high-volume streams, techniques such
as parallel processing for fast queries, SML with incremental/online learning strategies,
and distributed processing capabilities proved most efficient. In addition, we compared the
effectiveness of specific SML methods for each challenge and observed that reinforcement
learning strategies can address all SR challenges most comprehensively.

In brief, our findings reveal that integrating SRwith KGs can help address open challenges
such as scalability, concept drift, and computational cost. Including machine learning and
neural network methods in this integration further improves the management of these chal-
lenges. For example, GNN based approaches have been shown to enhance SR by leveraging
the structured information in KGs. Therefore, we suggest that future work focus on develop-
ing a state-of-the-art GNN architecture in conjunction with KGs to minimize the remaining
challenges in SR.

10 Future work

The prospective research agenda for SR–KG integration should be systematically structured
to address both technical approaches and application domains, with explicit connections to
the main challenges and open challenges identified in this survey. Following subsections
present targeted directions for advancing SR–KG methods. The first subsection focuses on
methodological developments, while the second explores how these solutions can be applied
across diverse real-world scenarios.
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10.1 Technical approaches

Future research on SR overKGs should focus on incremental and drift-aware inference strate-
gies. These strategies should address themain challenges in Section 4 and the open challenges
in Section 5.4, including concept drift, catastrophic forgetting, scala- bility, and computa-
tional cost. In this context, each proposed technical direction is explicitly designed to tackle
one or more of these challenges: incremental and drift-aware inference directly targets con-
cept drift and catastrophic forgetting; principled window semantics aim to ensure temporal
consistency while supporting scalability; change-propagation mechanisms reduce computa-
tional cost by limiting redundant reasoning; and approximate or anytime reasoning addresses
the trade-off between latency constraints and resource limitations. For learningmodels, graph
neural networks on evolving KGs are promising when paired with update-efficient embed-
dings, enabling adaptation to shifting data without frequent retraining–thus mitigating both
concept drift and scalability issues. For evaluation frameworks, SR-specific protocols should
measure throughput, window latency, end-to-end latency, incremental update cost, memory
footprint, and drift-handling performance (see Section 7). These metrics map directly to
the identified challenges by quantifying system responsiveness, efficiency, and robustness
under dynamic conditions. When learning is involved, ranking metrics such as Hit@K and
Mean Reciprocal Rank (MRR) are suitable, providing standardized measures that support
reproducible and comparable benchmarks.

10.2 Application domains

In IoT and broader cyber–physical systems, SR should place lightweight KGs and tem-
poral operators close to data sources. This reduces delays and helps manage high data rates–
addressing the main challenges of scalability and latency. Periodic consolidation of local
results into a global reasoning layer can improve scalability and maintain semantic con-
sistency, directly mitigating related open challenges such as distributed data integration. In
multi-site deployments with data residency constraints, federated continual learning allows
local model training and incremental updates without moving raw data, thus addressing pri-
vacy and compliance challenges while supporting scalable knowledge sharing. Parameter
sharing preserves global model coherence while reducing communication costs. In health-
care monitoring, SR over clinical event streams should combine uncertainty-aware inference
with drift or change-point detection, directly targeting open challenges related to noisy,
incomplete, and evolving data. This enables timely responses to patient state changes and
supports clinical decision-making with interpretable explanations–an essential aspect of trust
and accountability. Beyond these examples, SR–KG integration can be extended to other rel-
evant application domains, such as finance, transportation, and environmental monitoring,
where addressing the identified main and open challenges is crucial for reliable and efficient
real-time reasoning.
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103. Žliobaitė I, Bifet A, Pfahringer B, Holmes G (2013) Active learning with drifting streaming data. IEEE

Trans Neural Netw Learn Syst 25(1):27–39
104. Wassermann S, Cuvelier T, Casas P (2019) Ral - improving stream-based active learning by rein-

forcement learning. In: Proceedings of the workshop on interactive adaptive learningco-located with
European conference on machine learning and principles and practice of knowledge discovery in
databases (ECML PKDD 2019), 2444. CEUR-WS.org, 32–47. [Online]. Available: https://ceur-ws.
org/Vol-2444/ialatecml_paper3.pdf

105. Dezfouli A, Balleine BW (2012) Habits, action sequences and reinforcement learning. Eur J Neurosci
35(7):1036–1051

106. Russo GR, Cardellini V, Presti FL (2019) Reinforcement learning based policies for elastic stream
processing on heterogeneous resources. In: Proceedings of the 13th ACM international conference on
distributed and event-based systems, pp. 31–42

107. Wang Q, Hao Y, Cao J (2020) Adrl: an attention-based deep reinforcement learning framework for
knowledge graph reasoning. Knowl-Based Syst 197:105910

108. Gama J, Žliobaitė I, Bifet A, PechenizkiyM, Bouchachia A (2014) A survey on concept drift adaptation.
ACM Comput Surv (CSUR) 46(4):1–37

109. Bayram F, Ahmed BS, Kassler A (2022) From concept drift to model degradation: an overview on
performance-aware drift detectors. Knowl-Based Syst 245:108632

110. Agrahari S, Singh AK (2022) Concept drift detection in data stream mining: a literature review. J King
Saud Univ -Comput Inf Sci 34(10):9523–9540

111. Zenisek J, Holzinger F, Affenzeller M (2019) Machine learning based concept drift detection for pre-
dictive maintenance. Comput Ind Eng 137:106031

112. Sovilj D, Budnarain P, Sanner S, Salmon G, Rao M (2020) A comparative evaluation of unsupervised
deep architectures for intrusion detection in sequential data streams. Expert Syst Appl 159:113577

113. Ferreira J, Lavado D, Gonçalves R, KnorrM, Krippahl L, Leite J (2021) Faster than laser-towards stream
reasoning with deep neural networks. In: Progress in artificial intelligence: 20th EPIA conference on
artificial intelligence, EPIA 2021, Virtual Event, September 7–9, 2021, Proceedings 20. Springer, pp.
363–375

114. Ferreira R, Lopes C, Gonçalves R, Knorr M, Krippahl L, Leite J (2021) Deep neural networks for
approximating stream reasoning with c-sparql. In: EPIA conference on artificial intelligence, pp. 338–
350

115. Qin Z, Cheng Y, Zhao Z, Chen Z, Metzler D, Qin J (2020) Multitask mixture of sequential experts for
user activity streams. In: Proceedings of the 26th ACMSIGKDD international conference on knowledge
discovery & data mining, pp. 3083–3091

116. Qi P, Zhou X, Ding Y, Zheng S, Jiang T, Li Z (2022) Collaborative and incremental learning for mod-
ulation classification with heterogeneous local dataset in cognitive IoT. In: IEEE transactions on green
communications and networking

117. Fu X, Yu FR, Wang J, Qi Q, Liao J (2019) Dynamic service function chain embedding for nfv-enabled
iot: a deep reinforcement learning approach. IEEE Trans Wireless Commun 19(1):507–519

118. Bizer C (2009) The emerging web of linked data. IEEE Intell Syst 24(5):87–92
119. Wang S,Wan J, LiD, LiuC (2018)Knowledge reasoningwith semantic data for real-time data processing

in smart factory. Sensors 18(2):471
120. Saber A, Al-Zoghby AM, Elmougy S (2018) Big-data aggregating, linking, integrating and representing

using semantic web technologies. In: advances in intelligent systems and computing, S. I. Publishing,
Ed. Springer International Publishing, pp. 331–342

123

https://ceur-ws.org/Vol-2444/ialatecml_paper3.pdf
https://ceur-ws.org/Vol-2444/ialatecml_paper3.pdf


G.A. Tataroğlu Özbulak et al.

121. Calbimonte J-P, Mora J, Corcho O (2016) Query rewriting in RDF stream processing. In: The seman-
tic web. Latest advances and new domains: 13th international conference, ESWC 2016, Heraklion,
Crete, Greece, May 29–June 2, 2016, Proceedings 13. International Publishing. Springer International
Publishing, pp. 486–502

122. Maarala AI, Su X, Riekki J (2017) Semantic reasoning for context-aware internet of things applications.
IEEE Internet Things J 4(2):461–473

123. Abeykoon V, Kamburugamuve S, Govindrarajan K, Wickramasinghe P, Widanage C, Perera N, Uyar
A, Gunduz G, Akkas S, Laszewski GV (2019) Streaming machine learning algorithms with big data
systems. In: 2019 IEEE international conference on big Data (Big Data). IEEE

124. Oren E, Kotoulas S, Anadiotis G, Siebes R, Teije A, Harmelen F (2009) Marvin: distributed reasoning
over large-scale semantic web data. J Web Semant 7(4):305–316

125. Ji S, Pan S, Cambria E, Marttinen P, Philip SY (2021) A survey on knowledge graphs: representation,
acquisition, and applications. IEEE Trans Neural Netw Learn Syst 33(2):494–514

126. Kazemi SM, Goel R, Jain K, Kobyzev I, Sethi A, Forsyth P, Poupart P (2020) Representation learning
for dynamic graphs: a survey. J Mach Learn Res 21(70):1–73

127. Wu T, Khan A, Yong M, Qi G, Wang M (2022) Efficiently embedding dynamic knowledge graphs.
Knowl-Based Syst 250:109124

128. Barry M, Bifet A, Chiky R, El Jaouhari S, Montiel J, El Ouafi A, Guerizec E (2022) Stream2graph:
dynamic knowledge graph for online learning applied in large-scale network. In: 2022 IEEE international
conference on big data (Big Data). IEEE

129. Bellomarini L, Gottlob G, Pieris A, Sallinger E (2018) Swift logic for big data and knowledge graphs:
overview of requirements, language, and system. In: SOFSEM 2018: theory and practice of computer
science: 44th international conference on current trends in theory and practice of computer science,
Krems, Austria, January 29-February 2, 2018, Proceedings 44. Springer, pp. 3–16

130. Narayanan SN, Ganesan A, Joshi K, Oates T, Joshi A, Finin T (2018) Early detection of cybersecurity
threats using collaborative cognition. In: 2018 IEEE 4th international conference on collaboration and
internet computing (CIC). IEEE, pp. 354–363

131. Chen J, Lecue F, Pan JZ, Deng S, Chen H (2021) Knowledge graph embeddings for dealing with concept
drift in machine learning. J Web Semant 67:100625

132. Parisi GI, Kemker R, Part JL, Kanan C, Wermter S (2019) Continual lifelong learning with neural
networks: a review. Neural Netw 113:54–71

133. Agrahari S, Singh AK (2022) Concept drift detection in data stream mining: a literature review. J King
Saud Univ Comput Inf Sci 34(10):9523–9540

134. Gulisano V, Jimenez-Peris R, Patino-Martinez M, Valduriez P (2010) Streamcloud: A large scale data
streaming system. In: 2010 IEEE 30th international conference on distributed computing systems. IEEE,
126–137

135. Maarala AI, Su X, Riekki J (2016) Semantic reasoning for context-aware internet of things applications.
IEEE Internet Things J 4(2):461–473

136. Henning S, Hasselbring W (2021) How to measure scalability of distributed stream processing engines?
In: Companion of the ACM/SPEC international conference on performance engineering, pp. 85–88

137. Krawczyk B, Minku LL, Gama J, Stefanowski J, Woźniak M (2017) Ensemble learning for data stream
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