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Abstract. The large number of high-speed data sources that have emerged now include the Industrial Internet of Things,
financial services, online platforms, etc., all of which require real-time processing and analysis. To address the latency,
scalability, and adaptability issues of traditional big data architectures under fluctuating workloads, this paper proposes a
dynamic optimization framework based on Deep Reinforcement Learning (DRL). Resource allocation and task scheduling in
the closed-loop feedback system are coordinated using a distributed stream processing core and a scalable Deep
Reinforcement Learning (DRL) agent. Experiments were conducted on Apache Flink and Yahoo!, using a small cluster of ten
nodes. New York taxi dataset and streaming suite. The above experiments show that the maximum throughput of the DRL-
based framework is 108.2 thousand events per second, which is 18.7% higher than the rule-based and model-driven baseline.
The framework has a 97.1% SLA compliance rate, a median event latency of 42 milliseconds, a peak CPU utilization of
approximately 54%, and can recover from node failures within 28.5 seconds. In addition to the previous research, ablation
and sensitivity analyzes were conducted to examine the impact of reward function design on the selection of key system
parameters. The aforementioned research indicates that Deep Reinforcement Learning (DRL) can be used for intelligent
control in distributed flow environments. By avoiding handcrafted methods and fixed rules, DRL can improve the system's
real-time response speed and resource utilization efficiency.
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Introduction

The Internet of Things (loT), social media, industrial sensors, financial transactions, and intelligent transportation
systems [1] are real-time data streams resulting from the extensive development in many industries. If large
volumes of high-speed data streams are not handled, old big data systems will become slow and difficult to scale
[2]. Real-time stream processing systems, designed to ingest, analyze, and react to data promptly, are becoming
critical for enabling dynamic decision-making and situational awareness across domains [3]. Due to changes in
application requirements, there is an increasing demand for more fine-grained analysis and adaptive resource
allocation to cope with fluctuating load conditions and heterogeneous environments. The current rule-based
static resource management model cannot meet this demand [4]. It is necessary to use intelligent optimization
frameworks to manage resources and dynamically balance performance [5]. With the development of artificial
intelligence, large-scale data platforms have recently begun using machine learning. On the other hand,
reinforcement learning (RL) has performed well in adaptive control of complex unstable systems [6]. The high
dimensionality of system states, handling long-term dependencies, and ensuring stable convergence in
distributed environments still hinder the widespread application of Deep Reinforcement Learning (DRL) in real-
time big data stream processing [7]. These issues have been addressed in past research. As stream workloads
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become more complex, strong support for the scalability, stability, and generalization capabilities of production
environments have also become increasingly important [8].

Deep reinforcement learning combines the learning capabilities of deep neural networks with adaptive
optimization features, providing new methods for real-time data stream management [9]. Through continuous
observation of the environment, it can learn the best resource allocation and scheduling methods to cope with
changes in workload or unforeseen operational issues. Reinforcement learning can be used for dynamic
response [10]. Deep Reinforcement Learning (DRL) is very suitable for the large-scale, multi-dimensional state-
action space of distributed stream processing systems compared to heuristic methods. DRL also considers long-
term rewards, not just immediate performance improvements [11]. Whether in cloud environments or edge
environments, reinforcement learning outperforms previous algorithms in resource scheduling, load balancing,
and quality of service adjustments [12]. To scale up large-scale policy learning, some recent studies have
explored hierarchical and multi-agent reinforcement learning, while other research has used hybrid models to
enhance robustness under uncertainty and partial observability [13]. Currently, many issues are still found,
including high computational costs and training time, lack of effective DRL controllers and integration
mechanisms with real-time analysis platforms, and difficulty in adapting to environmental changes in real-time
[14]. To ensure stability, interpretability, and safety, the practical application of these systems in production
environments requires careful design [15]. To address the aforementioned issues, new methods are being
developed to create DRL systems and conduct comprehensive testing of their performance in real-world
environments or applications [16].

This paper studies how to optimize real-time big data stream processing systems based on deep reinforcement
learning. Here, a new framework based on deep reinforcement learning is proposed for making intelligent and
adaptive decisions in task scheduling and resource allocation within a distributed streaming environment. This
paper discusses in detail the development of algorithms, system integration, and the simulation of real and
synthetic workloads. We made the following major contributions: (1) Developing and creating scalable
optimization algorithms based on DRL to meet real-time stream processing demands; (2) Integrating the learning
module into a significant "big data analytics platform"; (3) Conducting extensive empirical analysis on scalability,
robustness, and ablation studies; (4) Discussing theoretical insights and practical deployment considerations.
The other sections of this paper are as follows. Section 2: Background and Related Work. Section 3 discusses the
construction and structure of the new system. Section 4: Experimental Results and Analysis. Section 5 is the
conclusion of this study, as well as future directions.

Background

Current Issues in Stream Processing

The environment of modern information systems is undergoing significant changes due to the development of
real-time data sources and large-scale online platforms (such as IoT sensors and extensive online platforms) [17].
Real-time stream processing technology provides fast business intelligence and low-latency analytics to help
enterprises derive useful information from continuously generated data [18]. Many advancements have been
made, but several significant issues still need to be addressed before widespread and reliable application.

The uneven distribution and intensity of workloads is another issue. The system may suddenly hit a bottleneck
and slow down [19]. The data volume may become unstable for various reasons, such as changes in user
behavior or other external factors affecting the company. The old static resource allocation method cannot
adapt to changes in a timely manner, leading to underutilization or frequent overloads. The lack of adaptability
is particularly challenging in distributed deployments and multi-tenant environments; on the other hand,
analytical tasks and multiple operators need to simultaneously use the same limited computing resources.

Real-time applications such as financial transactions and networked physical infrastructure require low latency
and high Quality of Service (QoS) [20]. Due to service interruptions or delayed delivery of goods, it may result in
financial losses and other damages. Ensuring end-to-end latency is not feasible. The system should be fast and
fault-tolerant, capable of maintaining consistency during hardware or software failures, and easy to scale. Based
on the above requirements, it can be concluded that there are currently no intelligent, context-aware
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optimization methods capable of effectively handling the highly variable operational conditions of large-scale
data stream processing.

Deep Reinforcement Learning Fundamentals

Deep Reinforcement Learning (DRL) is a top component of machine learning, integrating the trial-and-error
learning concept of reinforcement learning with the powerful function approximation capabilities of deep neural
networks [21]. In standard reinforcement learning (RL), the agent maximizes its cumulative reward by altering
its interactions with the unstable environment. Deep Reinforcement Learning (DRL) uses deep neural networks
to handle large-scale or continuous state-action spaces. This enables DRL to make high-level decisions in complex
environments that traditional tabular reinforcement learning cannot handle.

DQN, DDPG, and Actor-Critic architectures are the first deep reinforcement learning models; these models can
more conveniently handle robotics and resource allocation problems [22]. When dealing with long-term credit
allocation problems, the success of DRL mainly depends on its generalization ability based on relatively few
experiences, its ability to learn complex time series connections, and its effective application in handling long-
term credit allocation problems. These characteristics must be present in a stream processing environment
because the system state is high-dimensional and unstable [23]. When data stream or system constraints change,
the DRL agent can learn a good strategy through the system feedback loop to adjust resource allocation and
control measures.

It is worth noting that due to the flexibility of DRL, it can be used to incorporate domain-specific prior knowledge
(such as operator dependencies or workload patterns) to improve policy convergence and learning efficiency.
Deep Reinforcement Learning (DRL) shows promise, but there are still issues that need to be addressed. Issues
such as low sample efficiency, unstable training, and high computational costs have all received active research
attention during the transition from simulated environments to real-world distributed systems [24]. Currently,
a significant amount of funding and effort is being invested in innovation to meet the ongoing demand for the
continuous optimization of large-scale, mission-critical data processing facilities.

Related Work Review and Summary

Machine learning—especially deep reinforcement learning (DRL)—can help stream processing systems improve,
but there has been little research on this approach [25]. Early work using supervised learning can predict load
changes or system issues, but it often cannot handle nonlinear changes or unexpected events. Compared to
rule-based or heuristic strategies, DRL can significantly improve system robustness and resource savings because
they do not rely on models [26]. In order to achieve real-time, policy-driven responses to operational conditions,
the best current solution typically involves placing DRL agents in the scheduling or load balancing modules of
stream processing platforms.

On the other hand, other types of artificial intelligence, such as Bayesian optimization and meta-learning, can
be combined with deep reinforcement learning to address issues of data scarcity or unstable working hours.
Through transfer learning or online adaptation, the aforementioned frameworks can quickly adapt to new
environments, thereby reducing the convergence period and improving the system's generalization ability. In
some studies, multi-agent reinforcement learning (MARL) enables them to cooperate or compete in different
application pipelines. However, the widespread application in production is still rare. Many systems face issues
with algorithmic cost, interpretability, and integration complexity [27].

In summary, the recent developments in Deep Reinforcement Learning (DRL) have provided new methods to
address long-standing issues such as real-time response, scalability, and adaptability. Although some progress
has been made, combining DRL optimization with new streaming platforms still requires extensive practical
experiments to develop new system designs.
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DRL-Based System Architecture and Implementation

Algorithmic Framework and Workflow Design

This is a deep reinforcement learning (DRL) agent based on our optimization framework, suitable for dynamic,
high-dimensional distributed stream processing environments. The agent establishes a closed-loop learning and
control system. The system monitors the system state, acts according to the policy, and adjusts the policy based
on feedback-driven rewards.

At each time point t, the system state is a vector s;, containing various metrics such as CPU utilization, memory
usage, queue backlog, and data arrival rate. In order to change the system's behavior, the DRL agent selects an
action a; from the predefined action space A. This can be achieved by changing the operator parallelism or data
partitioning strategy. Then, in the new state s;, ¢, calculate a scalar reward r; to determine whether the current
action is good or bad.

The purpose of the agent is to find an optimal policy * that maximizes the expected sum of discounted rewards
over time:

n* = arg maxE [Z ytrtl Eq.(1)
T
t

Here, ¥y (with 0 < y < 1) serves as the discount factor, balancing the tradeoff between shortterm and long-
term gains.

Policy learning uses a deep neural network with 8 parameters to simulate the value function. The Bellman
equation serves as the basis for the regular loss function used to update the network parameters:

2
L(8) = (r +ymgxQo-(s',a") = Qo(s,)) Eq.(2)

The three components of the reward function are weighted as follows: throughput, delay and resource

consumption improvements:

1; = a4 A Throughput . — a,A Latency Eq.(3)
Here, a; and a, are weight parameters that can be tuned based on system priorities.

The agent stores past state transitions (s;, a;, 13, S¢+1) in the experience replay buffer to ensure training stability.
Off-policy updates and stable training can be conducted in the presence of system instability and environmental
fluctuations. Figure 1 shows a visual representation of the optimization process based on DRL. It shows how the
neural policy agent acquires and analyzes system metrics to drive closed-loop adaptive operational decisions.
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Figure 1. DRL-based Optimization Workflow.
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System Integration and Engineering Realization

Through strict modularization and scalable system architecture, DRL-based optimization can be effectively
deployed in distributed data stream engines. The stream processing core, system interaction layer, and network
layer are the three core components of the DRL optimization module. In the case of increased load, each layer
ensures stability and scalability.

The system state is displayed as a multidimensional vector in each control cycle, containing the current metrics
of CPU utilization, memory usage, queue depth, and parallel settings:

s; = [CPU,,Mem,, Queue,,...] Eq.(4)
Therefore, the latest and complete picture of the system state will always be available for decision-making.

According to its learned policy, the DRL module will use the aforementioned state vector to determine the
optimal action. At time step t, the action chosen by the agent is:

a; = mo(Se) Eq.(5)
This small map has many excellent feature mappings that can enhance the system's responsiveness and
efficiency. These feature mappings include flexible control over operator scaling, resource allocation, and task
reassignment.

After the selection is completed, it will be transmitted to the stream processing core through the system
interaction layer. This is done to ensure the safe and stable operation of the actuator. After performing this
operation, the processing core will update its operating status based on the direct impact of the operation and
changes in external load.

X1 = f (XA, Ap) Eq.(6)
Here, X; denotes the micro-state of the processing elements, and A, represents the instantaneous input rate.

We will provide high-quality service. Service level constraints will validate the actions proposed by all DRL agents.
For example, sensitive applications require decision results to meet:

P( Latency, < Lg;4) 21 Eq.(7)
where Lg; 4 is the latency bound and 7 is the required confidence level.

The overall effectiveness of the quantitative system is to provide feedback on long-term strategic improvements
and reward distribution for agents. The total utility at a specific stage can be expressed as follows:

N M
Ue = Z WiR; — z BiCjr Eq.(8)
i=1 j=1

where R;; denotes the reward for component i (e.g., throughput achieved), and (;; the cost associated with
resource j.

In order to prevent conflicts during the operation of the distributed stream processing cluster, a consensus
mechanism has been added to the system to achieve collaboration. As shown below:

Ams = Consensus({a},a?, ..., ak}) Eq.(9)
where {af} are actions proposed by K distributed DRL instances. The system thus achieves unified control with
minimal conflict and high reliability.

Figure 2 shows the three parts of the overall structure: learning, control, execution, and operation. In order to
meet future engineering needs, this design has high scalability, easily supports algorithm upgrades, and strongly
supports multiple streaming platforms.
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Figure 2. Overall System Structure for Real-time Stream Processing.

Extensibility and Reliability Considerations

Currently, the application of deep reinforcement learning-driven stream processing systems in production
requires strong reliability, scalability, and high-performance optimization. The aforementioned features aim to
ensure that the system maintains high availability and flexibility when responding to changing load demands
and other factors.

By modularizing algorithms and software, scalability is achieved. The DRL optimization module is decoupled from
the stream processing core, communicating only through clearly defined APIs and standardized data formats.
When new resources are added or system requirements are modified, the system's state vector can be extended,
as shown below:

s; = [CPU;, Mem,, Queue, GPU,,...] Eq.(10)
The aforementioned design can add new state functions or reward functions, and it can be relatively easily
extended and adapted to various environments.

By accumulating experience, the adaptability of the learning agent can be enhanced, as shown below:

Diy1 = Dy U{(Se, a7, Se41)} Eq.(11)
where D, represents the replay buffer at time t. Regularly update policies and retrain using new data to address
concept drift and promptly adapt to environmental changes; the workload and platform will remain relatively
stable.

Limit the startup and security settings of the device. Only when the CPU and memory reach high threshold
conditions will the DRL agent make a decision.

C(spa,) = 1( CPU, < Bepy A Latency, < Lg;,) Eq.(12)
where Bcpy and Lg; 4 denote operational bounds, and I is the indicator function. If the proposal fails verification,
the safety mechanism will immediately revert the policy to the safest state to prevent harm.

Finally, comprehensive operation logs and encrypted communication ensure security and transparency. Record
all control operations and learning updates, then conduct a quantitative impact analysis to show how policies
change over time:

w
Iy = f [Tesu — T ldu Eq.(13)
u=0

where r* denotes baseline reward and w is the evaluation window.
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Experiments and Results

Experimental Setup and Baselines

In order to test the actual performance of the DRL-based distributed real-time stream processing optimization
framework, an experimental test platform was built that closely resembles a real production environment. The
cluster consists of 12 homogeneous x86_64 servers, each equipped with two 16-core Intel Xeon CPUs, 128 GB
of memory, and a 10 Gb/s Ethernet network. All these experiments were conducted on these servers. The cluster
is managed by Kubernetes 1.25 and uses Ubuntu 20.04 LTS for containerized deployment. For the underlying
data processing engine, | chose Apache Flink 1.18 because it has recently become very popular, with a scalable
architecture, low-latency stream processing model, and rich APl support.

First, the experimental workload is derived from the Yahoo! Streaming Benchmark Suite, which allows for the
configuration of various input arrival intensity levels and stream statistical properties to observe the system's
response under these different data rate conditions. The cluster is extended to the New York taxi dataset to
enhance the realism of the evaluation and address the issue of non-stationarity. The production dataset contains
approximately 1.1 billion events, which vary throughout the day and across seasonal changes, presenting a
challenging and typical workload for steady-state and adaptive system behavior.

The following metrics are used for performance evaluation. Throughput is the number of events that can be
stably processed per second; therefore, it demonstrates the system's scalability and raw processing capability.
Under normal and high load conditions, the end-to-end latency is the 99th percentile latency, from the start of
data arrival to the end of result generation. At the same time, the utilization of CPU and memory resources was
recorded to assess overall efficiency. The proportion of time intervals where processing delays fall within the
upper and lower limits set by the SLA is considered the actual service level of the system. Fault injection is used
to evaluate the system's resilience and record the time required to restore throughput to pre-failure levels.

Many well-known fundamental algorithms were also used for comparison. A fixed-size allocation pattern was
used, and operator parallelism and resource sharing were set based on the analysis of previous experiments. In
addition to the above, a rule-based extension scheme was introduced, which uses the thresholds provided in
Table 2-1 as a reference to dynamically adjust based on the current CPU load or latency [28]. We also added a
model-based reinforcement learning baseline, specifically through learning-based control using a Deep Q-
Network (DQN) with a discrete state-action space [29]. In addition, an adaptive heuristic method was studied,
which considers windowed performance feedback and PID-inspired proportional adjustments to evaluate its
adaptability in non-stationary environments [30]. After extensive iterations and optimization by experienced
systems engineers, a human expert tuning baseline was established as the upper limit of manual performance.

In order to achieve optimal performance under the same conditions, all baseline models were optimized through
manual selection or grid search. The proposed DRL agent's two-layer neural policy network was adopted, along
with a replay buffer capable of holding 50,000 sets. The validation results of the retained portion of the workload
determined the learning rate and exploration parameters. Therefore, this study will be conducted in a fair and
accurate manner to provide a foundation for subsequent quantitative analysis [31].

Core Performance and Scalability Analysis

The comprehensive tests mentioned above, conducted on various applications and different scale deployments,
validated the key performance of our new DRL optimization framework. Figure 3 shows the comprehensive
visual comparison results of the DRL agent and the main baseline methods in terms of throughput, latency, CPU
usage, and memory usage.

As shown in Figure 3(a), the DRL-based method has a maximum sustained throughput of 1.082 million events
per second. This is far higher than the rule-based baseline (91.1k events/second), as well as the model-based
(DQN), heuristic, and static strategies. Under peak load, compared to the industry-standard rule-based scaling,
the average throughput increased by 18.7%. DRL maintains stable throughput with increased input rates and
reasonably scales operators during peak system demand periods. Moreover, the throughput slightly above the
average level supports the results of large-scale reinforcement learning resource management research [32].

119



Optimization of Real-Time Big Data Stream Processing Systems Based on Deep Reinforcement Learning
https://doi.org/10.64972/dea.2025.v4i1.1939d:113-126

Figure 3(b) shows a detailed analysis of system responsiveness, where the box plot displays the distribution of
end-to-end event delays for various methods under different workload levels. For the DRL driver, the median
latency is approximately 42 milliseconds, which is significantly lower than the 52 milliseconds of the rule-based
method, while the latency for DQN, heuristic, and static baselines has increased. Under the DRL strategy, the
99th percentile latency still meets SLA requirements in 97.1% of the measurement periods and is very stable in
emergencies, which means the worst tail latency is also within range. This reliability is particularly suitable for
real-time requirements and is consistent with the advancements in reinforcement learning adaptability research
[33].

In addition, an investigation into resource economy was conducted. As shown in Figure 3(c), the DRL structure
reduced CPU utilization compared to the competing scheme. Under the same workload and dynamic load
conditions, the DRL agent achieved smoother CPU scaling, peaking at 54%, while the rule-based policy reached
61%. Therefore, it improves energy usage. It seems that there is no over-allocation of resources, so it can be
inferred that the DRL model dynamically adjusts resource allocation. As shown in Figure 3(d), the DRL framework
also uses less memory. At its peak, it also uses less memory than the rule-based and DQN baselines. The main
reason for this high efficiency is the load prediction and proactive queue management strategies learned in the
DRL policy.
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Figure 3. Multi-metric Performance Comparison (a) Throughput Comparison. (b) Latency Analysis. (c) CPU Utilization. (d) Memory Usage.

Organizations evaluate its scalability in two dimensions. Horizontal scaling exists, as shown in Figure 4(a). In
other words, when a cluster node is added, the system throughput increases almost linearly and has better
scalability efficiency compared to traditional methods. As the number of nodes increases from 2 to 12, the
throughput under the DRL strategy correspondingly increases from 22k to 134k events per second. On the other
hand, after 10 nodes, the rule-based baseline sharply tends to stabilize. As shown in Figure 4(b), increasing the
computational resources of each node is used to calculate the performance after vertical scaling. When scaled
to 32-core nodes, the throughput of the DRL solution increases from 14,000 events/second to 104,000
events/second, and it significantly outperforms the rule-based and DQN methods under all conditions.
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Finally, Figure 4(c) shows the impact of increased data input speed. Box plots can be used to show how stable
the latency curve of the DRL agent is across 10,000 to 120,000 events. Despite the increase in workload, the
latency remains relatively low, far from exceeding the SLA or going out of range, indicating that the framework
can quickly respond to input changes at different times. This issue is usually related to rule-based or static
methods. The stream processing resource management project based on deep reinforcement learning has
recently expanded upon the aforementioned results [34].
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Deep reinforcement learning can improve the performance of dynamic resource scheduling in distributed
stream processing. Compared to heuristic and model-based methods, the DRL framework can utilize resources
more efficiently, reduce tail latency, and achieve robust and high-throughput system scaling. These frameworks
must be deployed in high-throughput data analysis tasks [35].

Robustness, Ablation, and Sensitivity Analysis

Through targeted fault injection, ablation studies, and controlled sensitivity analysis, the robustness and
reliability of the DRL-based optimization framework have been comprehensively tested. Figure 5 shows the basic
concept of fault tolerance and how the system operates during a fault. As shown in Figure 5(a), the enhanced
DRL system typically recovers to its pre-failure throughput within 28.5 seconds after various node and network
failures. The average recovery speeds for the rule-based baseline and DQN are 45.2 seconds and 58.7 seconds,
respectively. Figure 5(b) shows another method of presenting the success rates of different induced fault
scenarios. In terms of single-point and cascading multi-point failures, the DRL agent achieved a stable recovery
success rate of 94.8%, surpassing all other benchmarks. The above experiments indicate that the framework is
stable under production fault conditions and can automatically repair these faults. This is consistent with the
latest findings on RL-based adaptive systems [36].
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Figure 5. Fault Tolerance and Recovery Performance (a) Recovery Time After Failure. (b) Success Rate Over Multiple Failure Scenarios.
To further investigate the reasons for the performance improvement, a series of ablation experiments were
conducted, and the results are shown in Figure 6. Figure 6(a) shows the methods tested for various reward
function designs; the combined penalty scheme that integrates resource inefficiency and delay violations
achieved excellent results. Compared to the single reward scheme, throughput and SLA satisfaction improved
by 11.3% and 9.6%, respectively. Figure 6(b) shows the impact of state space selection. Ignoring queue lengths
and other resource information will reduce policy quality, indicating that a complete system state model is
crucial for continuous adaptive control. In addition, Figure 6(c) shows the test results of various DRL architecture
options: deeper network designs lead to slower convergence rates and higher computational costs. For practical
deployment, a reasonable balance must be found to balance expressive power and inference speed [37].
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Figure 6. Ablation Studies (a) Different Reward Functions. (b) State Space Settings. (c) DRL Architectures.
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As shown in Figure 7, sensitivity analysis is used to examine the adaptability of the DRL framework to
hyperparameter and environmental changes. Figure 7(a) depicts the impact of changes in the policy discount
factor on the average throughput. Policies with discount factors (¥) close to 0.98 maximized both throughput
and stability, whereas both more myopic and overly long-horizon values resulted in suboptimal, oscillatory
adjustments. In Figure 7(b), the influence of different exploration strategies was assessed: entropy regularization
yielded slightly better long-term performance than e-greedy alternatives, particularly under dynamic workload
distributions. Figure 7(c) shows the impact of workload variation. It can be seen that even when the standard
deviation of the workload increases by more than two times, the DRL agent still maintains stable application-
level latency within the strict SLA range. When the workload suddenly increases, the DRL agent also remains
stable.
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Figure 7. Hyperparameter and Environment Sensitivity (a) Discount Factor Sensitivity. (b) Exploration Strategy Effects. (c) Workload
Variability Impact.

The multidimensional tests indicate that the new system based on DRL s, to some extent, reliable, interpretable,
and fault-tolerant in terms of design and environment, and can effectively control resources under normal
conditions. As shown in the aforementioned experimental stress tests, this robustness to real-world changes far
exceeds the stability guaranties provided by learning-based resource managers [38]. It must be deployed in a
distributed stream computing production environment.

Conclusion

This article provides a detailed introduction on how Deep Reinforcement Learning (DRL) can achieve intelligent
resource optimization in distributed real-time stream processing systems. To significantly improve the
performance of existing top-tier baseline policies in all of the following aspects, we developed and integrated a
domain-adaptive deep reinforcement learning (DRL) agent. A large number of experiments have shown that
DRL-based methods outperform static heuristic and model-driven control methods in terms of maximum
sustainable throughput, median and tail event latency, and resource consumption. When encountering failures,
the system demonstrates good stability and rapid recovery capabilities. Through ablation and sensitivity analysis,
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the reasons for these improvements were identified in the model design. This paper provides new directions for
the automatic control of complex stream processing workloads and offers an operational solution that has
improved the reliability, performance, and adaptability of high-throughput data analysis in recent years.

This paper provides theoretical support for deep reinforcement learning (DRL) and large-scale streaming data
systems. To provide a foundation for the continuous integration of control algorithms into distributed computing
infrastructure, a new adaptive optimization architecture has been developed, and its learning dynamics under
real-world workloads have been thoroughly studied. Due to its demonstrated improvements in throughput,
reduction in latency, and fault tolerance in practice, it has been recommended for use in loT networks, financial
transaction analysis, and critical real-time monitoring systems. Show how data-driven intelligence can be applied
in modern streaming architectures and deploy best practices for self-optimizing resource management
applications.

The aforementioned achievements still have some issues. The computational load of the current framework
may be too high, and its generalization ability on highly heterogeneous clusters is limited. Model interpretability
and explainability: Although ablation experiments have been conducted, more research is still needed to ensure
the safety of high-risk environments. Improve the scalability and interpretability of the DRL module, create a
hybrid model of Al-based resource management systems, and validate this approach through extended real-
world data sources and distributed environments. Due to the rapid development of adaptive and autonomous
computing models, establishing intelligent stream processing systems remains a daunting task. This paper aims
to lay the foundation for future research in this field.
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