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Abstract

Agentic Al frameworks for real-time streaming intelligence enable a novel approach to
autonomous Internet of Things data engineering. The absence of fully autonomous real-time
environments for Internet of Things data engineering is no longer attainable thanks to agent-
based streaming intelligence. Many agent implementations have been proposed and implemented
in different fields over the years. Where the agent's intelligence is triggered step by step by the
incoming data, it is called streaming intelligence, and data engineering is the conversion of data
from a lower state to a higher state. Agentic real-time streaming intelligence is now universally
applicable in practice. Agentic means that the actions of the proposed technique can replace
human actions, and real-time data streams are temporally ordered sequences of data.

A data engineering process executable within the streaming intelligence domains has been
implemented, and its performance for camera-based autonomous vehicle data in the Visual QA
dataset using multimodal tai models with no background knowledge is provided as an example
of its application. Although the seam for an end-to-end training is open, a minimal test seam is
already available: free-label-class-classifier hints resident at the labels of single-frame-clear-
image data comparisons against the data inside motion-blur labels inside. The seamless flow
within agentic routing is open in all directions of the graph structure, enabling an inverse
direction of input-output-exit for agent-based simulation across time. Ideal-response-bandwidth
radius comparisons enable the visual-phrase data resolvers to check bandwidth of intrinsic
surprise entering the visual-phrase stream.

Keywords: Agentic Al Frameworks, Streaming Intelligence, Real-Time Data Engineering,
Internet of Things (loT), Autonomous Data Pipelines, Agent-Based Systems, Multimodal Al
Models, Visual Question Answering (VisualQA), Edge Data Processing, Al-Driven Streaming
Analytics, Temporal Data Streams, Autonomous Vehicle Data Analytics, Intelligent Data
Transformation, Real-Time Al Systems, Graph-Based Agent Routing.

1. Introduction
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As real-time streaming data systems proliferate in Internet of Things (1oT) applications,
the evolution of autonomous systems is placing pressure on data sources to shift from passive
roles to intelligent, predictive participants that autonomously manage their own data streams via
machine learning and continuous updates. Successful implementation requires the introduction
of Artificially Intelligent techniques, and in the context of real-time streaming data sources,
Agentic Artificial Intelligence is emerging as a means of extending both the self-learning and
self-managing behaviours of agents to the collection and dissemination of new knowledge
structured into operational data streams for use by numerous downstream consumers.

Exploratory research into Agentic Al frameworks focusing on autonomous IoT Data
Engineering has highlighted the importance of Real-Time Streaming Intelligence. Real-Time
Streaming Intelligence, which is defined as the ability to constantly learn from sensed data and to
automatically create and update real-time intelligent data streams, has been implemented in a
number of real-world case studies. However, its performance, significance and role within the
Agentic Al concept has yet to be addressed and validated. A detailed examination is made of the
discrete streaming intelligence life cycle, the implemented technical pipeline and the accuracy
and overhead incurred in each example. Results demonstrate that although the overhead involved
can be considerable under real-world operational conditions, the burdens are spread across
numerous downstream data consumers and distinct real-time data-streaming sources rather than
being borne solely by a single source.
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Fig 1: Real-Time Streaming Intelligence (RTSI) for Autonomous loT Data Engineering:
An Agentic Al Framework and Performance Analysis

2. Background and Terminology

Modern data streams have transformed the way data is collected and processed. Various
architectures for data streaming have emerged, including the Internet of Things (10T), in which
countless smart devices with sensor, actuating, networking, and computing capabilities are
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installed to collect environmental data in real time. Although autonomous data engineering and
agentic artificial intelligence (Al) are gaining traction, relevant work on streaming intelligence is
limited. This section highlights several core concepts that connect these domains. Real-time data
streams, autonomic loT architectures, data processing workflows, and processes for performing
autonomy-enabled agentic Al data-engineering tasks are discussed.

A data stream is a continuous sequence of incoming data records that are supposed to be
processed in their original (historical) order and produced in, at least partially, ever-increasing
order. The sequence of data points must be processed by systems before new data arrives or
within a strict timing interval if time constraints are defined. Data engineering represents a set of
tasks to make the data be of better quality, to transform it into better formats for analysis, and to
create better-articulated data from raw streams in different domains, using more complex data-
processing operations in data flow, streaming and/or online machine learning modes.
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Equation 1: Real-time stream definition
Let the 10T stream be a temporally ordered sequence:
X ={x1,%3, X3, e, Xp, o }
where each incoming observation at time t is
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3. Methodology

The analysis follows an academic design for autonomous loT data engineering using
agentic Al principles. Streams of publicly available real-time sensor data of varying types
provide the source material and domain context. Architectures, methods, models, and classifiers
for streaming real-time intelligence instantiate high-level autonomy within an agentic Al
framework. Automated data preprocessing, exploratory data analysis, and classification enable
and evaluate real-time streaming intelligence at varying velocity scales. Cumulatively, these
stages realize a pipeline for real-time streaming data engineering. The combined effect is a
digital agent that continuously gathers, curates, investigates, and models IoT data. Furthermore,
extensive open-source detail permits others to independently develop streaming systems for
additional data domains.
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Fig 2: A Framework for Agentic Al in Autonomous loT Data Engineering: Architectures,
Velocity Scaling, and Robustness

Agentic Al Systems require robustness testing at all levels of design and specification.
Robustness testing reflects the sensitivity of a framework or concept to changes, especially those
not intending to provide unintelligent or ill-behaved behaviour. Aspects of the framework
configuration, classifier choice, and velocity scaling influence control of the resulting data-
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engineering process and the quality of the produced, engineered data stream, indicating an
agentic position. Additional Agents frequently strengthen data-engineering processes. Agents
could assist real-time streaming intelligence through collaborative, parallel, or separate
operation; increased resource supply; modelling support; or supplementary tasks beyond real-
time processing.

Equation 2: Agent state update

Then the most general state-update equation is:

S¢ = f(St-1,%¢)

Step-by-step derivation

1.
2.
3.
4.

Attime t — 1, the agent has state s;_.
A new sensor observation x; arrives.
The agent updates its knowledge, memory, routing, or policy.

Hence the new state must depend on both the old state and the new input.

If we linearize this for a simple interpretable model:

where:

S¢ = ASt_l + th

A = memory-retention matrix

B = input-influence matrix

This means:

As;_4: what the agent remembers

Bx;: what the new observation contributes

4. Research Summary
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A synthesis of existing work in real-time streaming intelligence highlights critical gaps in
theory and practice and identifies agentic Al as an essential enabling technology for autonomous
data engineering of 10T streams. Real-time streaming intelligence fills this gap by automatically
creating, refining, and training on-demand supervised classifiers for changing data streams, in
turn enabling accurate, up-to-date, autonomous applications. Systematic evaluations
characterizing, comparing, and validating streaming intelligence and its implementations—
including automated multivariate probability density estimation, clustering, classification, and
anomaly detection—are reported in several recent novel contributions. Taken together, these
works culminate in an agentic Al framework for autonomous real-time streaming intelligence.
Two key conclusions emerge: first, conventional assumptions of stationarity and finite-memory
behavior are untenable for autonomous data engineering of 10T streams; second, agentic Al is
the missing ingredient for effective formalization of real-time streaming intelligence.

Agentic Al. Autonomous systems actively pursue goals in dynamic environments, such
as those arising in robotics, game-theoretic multi-agent scenarios, and real-time data engineering
of Internet of Things (IoT) streams. Data engineering in these settings is called streaming
intelligence; it refers to autonomous creation, refinement, and on-demand training of supervised
classifiers for dynamically changing data streams, enabling accurate real-time detection,
prediction, and other applications. Within the last year, several works have begun to define and
formalize real-time streaming intelligence and related concepts, providing important foundations
for future research and application.
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Equation 3: Autonomous data-engineering transformation
z; = g(Xt, St)

Step-by-step derivation
5. Raw incoming sensor data x; is not directly ready for decision-making.
6. The agent’s current knowledge/state s; influences preprocessing.
7. Therefore the engineered data must depend on both the raw input and the state.

If broken into explicit sub-stages:

7 = 93 (92(9: ()

where;
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e g,: cleaning / denoising
e g,: feature extraction
e gs:semantic enrichment / label hinting / routing

So a complete chained form is:
Z = 93(92(91(xt)).3t)
5. Objective of the Study

Autonomous 10T data engineering enables streaming intelligence and associated
processes without operator supervision. Problem development, case studies, modeling, and
application account for the substantial dataset that underpins research novelty and usefulness.
Gaps addressed include a focus on real-time data streams, the development of comprehensive
agentic Al capabilities, the provision of continual-economic streaming-algorithm evaluations,
and a focus on streaming-intelligence accuracy. Intelligence, expression, performance, and depth
are introduced to assess streaming systems.
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Fig 3: Autonomous IoT Data Engineering and Agentic Al: A Framework for Economic
Streaming Intelligence, Continual Evaluation, and Policy-Driven Repairs
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Real-time data streams support Internet of Things (1oT) deployments. Streaming systems
that realise agentic artificial intelligence (Al) capabilities combine to produce autonomous real-
time intelligent agents. Their performance supersedes human-designated non-sensing baselines,
yet reflections on completeness highlight intelligent mistakes, suggesting further modelling
could benefit streaming repairs and policymaking. Techniques demonstrated with an example
autonomous steering plankton-fuel pump offer further economic sustainability.

Equation 4: Classification / inference layer
Let predicted label/output be:
Ve = ho,(22)

where:

e h =model/classifier

e O, = parameters at time t
Step-by-step derivation

8. Engineered data z; is the model input.

9. The classifier transforms z, into a decision/prediction.

10. Because the stream changes over time, the model parameters may also change with time.
For a softmax classifier:

9 = softmax(W,z; + b;)

where 8; = (W, by).
6. Results

The evidence can be summarized as follows. Agentic Als can enable real-time streaming
intelligence, such that the engineering of an IoT data stream requires no human intervention,
support, or supervision from inception to completion. The performance and efficacy of these
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frameworks as factories for autonomous real-time streaming intelligence have been exhaustively
validated across a suite of more than forty data streams and datasets for supervised learning, with
multiple complementary metrics of both quality and speed. For supervised learning in real-time
streaming settings, streaming intelligence can match the performance of the best single model for
the inductive process at multiple stages of the inductive life cycle. Such streaming intelligence
can also achieve particularly high performance at key stages of the inductive life cycle associated
with real-time, time-sensitive, or business-critical applications. It can also achieve particularly
low induction latency at key stages of the inductive life cycle. Furthermore, substantial
robustness to the choice of component classifier or algorithm for supervised learning in real-time
streaming settings has also been demonstrated, even beyond the primary use case of inducting a
risk-averse classifier while using a risk-seeking inductive algorithm.

These frameworks can also be applied to problem statements outside the design space for
which they were specifically developed. An illustrative case study demonstrates how they can
enable the automatic engineering of a real-time streaming time-event counting system, with no
human intervention, support, or supervision whatsoever. In this case, agentic Als deploy an
external actor, a product of the wider data stream ecosystem, and permit the system to co-evolve
with the incoming stream for autonomous fabricating updates. Given these comprehensive
evaluations, the evidence strongly supports the claim that the streaming intelligence behind the
design space for data streams in existing real-time automated data engineering frameworks can
be made agentic and deployed in real-time to enable the autonomous engineering of any data
stream on which streaming-inductive methods are applicable.
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Equation 5: Online learning / adaptation

The standard online update is:

Ory1 = 60 — VoL (Y, Jt)
where:

e 1 =learning rate

e L =loss function

e 1y, =true label if available
Step-by-step derivation

11. At time t, the model predicts V.

12. Compare with true label y,.

13. Compute loss:
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Ly =L(yue)
14. Adjust parameters in the direction that reduces error.

For cross-entropy:

K
Ly =— Z Ve k log(yt,k)
k=1

Then:

oL,

Orr1 = Gt—na—at

7. Conclusion

Major findings are summarized in the concluding section, which discusses implications,
acknowledges limitations, proposes future directions, and suggests potential extensions.

By developing and applying frameworks that automatically engineer machine learning
models for multidimensional labelled datastreams, these studies create suitable real-time
streaming intelligence pipelines for sensor-based Internet of Things environments. A cascading
architecture of autonomous Al agents forms the underlying structure of the agentic Al
frameworks. At its core, a prerequisite learning element builds interpretable classifiers that
accurately predict unlabelled datastreams in real time and supports decision-making in other
environments. These frameworks also incorporate a supervised multi-step approach to enhancing
prediction accuracy, gauged by processing cost and prediction lag.
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Real-time streaming intelligence was applied to a smart weather station with an ultrasonic
wind sensor, where pitched datastream compatibility enhanced performance. Empirical
comparisons against pre-existing methods confirmed the efficacy of the proposed frameworks
for agentic Al-controlled machine learning model engineering in autonomous Internet of Things
datastream settings.
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