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Abstract—Putting Machine Learning (ML) models into production can
be a significant challenge, especially when managing a high volume of
requests and monitoring real-time performance. Many current solutions
address these problems in isolation, which can create bottlenecks and
increase latency. This paper presents the design of a Process Control
Table, which functions as a central coordinator to orchestrate the
execution of ML models in real time. The table allows for dynamic
traffic routing, assigning each new task to the least occupied worker
(executor) at that moment. Test results with a prototype indicate that
this approach not only reduces latency but also keeps it stable even
under high demand, unlike traditional schemes that tend to saturate.
Furthermore, the table promotes equitable load balancing and features
automatic failover mechanisms, which increases the reliability of model
deployments.

Index Terms—MLOps, Load Balancing, Model Monitoring, Request
Optimization, Technological Integration, Task Management, Process
Management.

I. INTRODUCTION

The use of Machine Learning (ML) has grown rapidly beyond the
academic sphere, becoming a key element of business applications.
This expansion can be seen in a variety of fields, from real-time
optimization of chemical processes [1] to predictive monitoring in
smart manufacturing [2, 3], and even in enhancing cybersecurity
through intrusion detection [4]. However, a significant barrier still
exists between the development of a functional model in the lab
and its successful implementation in production environments [5].
Overcoming this barrier is crucial, as the true value of ML is revealed
not just in experimentation, but primarily in its reliable and scalable
operation in production [5].

There are two main challenges in implementing ML models,
a process known as MLOps (ML Operations) [6]. The first is
managing real-time execution: models in production must be able
to handle volumes of inference requests that are unpredictable and
variable. Without an adequate management system, concurrency
can overwhelm server resources, creating bottlenecks that result in
high latency and potential failures [5, 7]. The second challenge is
managing the model lifecycle. A deployed model, which is available
for consumption by external applications, is not static; it needs to be
continuously monitored to detect any degradation in its performance,
a phenomenon known as model drift [6, 8]. Conventional monitoring
systems, often based on batch processing, tend to operate with con-
siderable delays, often hours, which is not sufficient for applications
requiring real-time responses or detections [8].

A review of the current literature, detailed in Section II, shows
that existing research tends to address ML deployment challenges
in a fragmented manner. On one hand, there are studies focused
on optimizing load distribution in cloud environments [9, 10] and

improving reliability or fault recovery capabilities [7]. On the other
hand, we find works that center on MLOps-specific monitoring to
detect model performance degradation (drift) [8] or on the real-
time visualization of key performance indicators (KPIs), often from
an industrial perspective [2, 11]. However, a significant limitation
is highlighted: the lack of an integrated architectural design that
combines three essential functions: dynamic load distribution, real-
time status monitoring, and model lifecycle management, all under a
centralized and efficient control mechanism.

To overcome this obstacle, this project proposes the design and
implementation of a process control table. The proposal is based on
concurrency control principles, which is a key challenge in large-
scale computing [5]. Efficiently managing simultaneous requests is
fundamental for load balancing and is crucial for fault tolerance and
high performance [7, 9].

The main objective of this research is to design and validate a
modular architecture, centered on the process control table, that
intelligently manages the execution and monitoring of ML mod-
els. Specifically, this study seeks to answer the following research
questions: (1) How to design a modular architecture, centered on a
control table, that simultaneously manages request concurrency and
the ML model lifecycle status? and (2) To what extent does this
design improve response latency and load distribution compared to a
static deployment system?.

The methodology used in this research was experimental. We
carried out the design and implementation of a functional prototype
that integrates key components, such as the Control Module and the
workers (executors) in containers. To ensure the results are applicable
to critical production environments, the experimental design repli-
cates a high-frequency financial fraud detection scenario, a standard
benchmark for validating latency-sensitive MLOps architectures. This
prototype was evaluated through load tests (simulations) to measure
and validate its performance in high-demand situations.

The work is organized into several sections. Section II explores
related works and the state of the art. Section III details the design
methodology, the proposed system architecture, and the structure
of the control table. In Section IV, the performance test results
are presented and discussed. Finally, Section V summarizes the
conclusions and outlines future work.

II. RELATED WORK

The design of a system for executing and monitoring ML models in
real time involves the integration of several key fields: ML operations
(MLOps), cloud load balancing, system monitoring, and software
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architectures [6, 8, 12]. Below, we review previous research in these
areas, which serves as the foundation for this research.

A. MLOps and Deployment Challenges

Migrating an ML model from a laboratory environment to a large-
scale production system represents a challenge for organizations,
as it involves complex infrastructure, inference performance, and
data management challenges [5]. The practice of MLOps seeks to
apply DevOps1 principles to automate and standardize the entire ML
lifecycle [6], An approach that is particularly relevant for modern
container-based applications is mentioned in [13]. The main chal-
lenges when deploying at scale include the need for infrastructure that
adapts to demand, managing data processing bottlenecks, optimizing
inference latency, and automating repetitive tasks [5, 14]. To succeed
in MLOps, lifecycle automation and efficient load balancing are
considered fundamental [5, 12].

In addition to the initial implementation, a key aspect of MLOps is
continuous monitoring to identify model drift, which refers to the per-
formance decrease when real-world data changes. This monitoring is
essential to ensure the model’s reliability and performance over time,
and it becomes a fundamental pillar in data and model management
on modern cloud platforms [6, 8, 15].

B. Load Balancing for Inference

Managing the execution of machine learning models in real time
is closely linked to the system’s ability to handle unpredictable
and variable volumes of inference requests [12]. Load balancing is
responsible for distributing these requests among multiple servers
or workers2 in order to prevent overload and reduce latency [9].
Generally, balancing strategies are classified as static (such as round
robin) and dynamic (which are based on the current load). Dynamic
methods, which make decisions based on the system’s state, are
considered more effective for handling variable workloads in the
cloud [9, 16].

To overcome the limitations of dynamic methods (which only
react to the instantaneous state), the current trend is oriented to-
wards smarter balancing methods, capable of predicting and actively
managing load allocation [17, 18]. This includes the use of deep
learning techniques to model and anticipate system loads, optimizing
task assignment [10, 19]. Complementarily, centralized traffic man-
agement using software-defined networking (SDN) allows for more
flexible resource orchestration [20]. These balancing principles are
fundamental for both the high performance of inference workloads
[12] and AI training workloads [21].

C. Real-time Monitoring and Predictive Maintenance

A significant challenge in traditional MLOps systems is monitoring
latency. Many of them operate in batches, which means that model
drift detection can take hours. For critical applications, real-time
monitoring is essential. In this context, [8] proposed a streaming
architecture (Spark and Kafka), which can detect drift in a matter
of seconds. This highlights the need for immediate processing for
monitoring and visualization of key performance indicators (KPIs)
[2, 11].

1DevOps (Development Operations) is a culture that integrates software
development (Dev) and operations (Ops) to automate and accelerate software
delivery, through practices like Continuous Integration (CI) and Continuous
Delivery (CD) [6, 13].

2A service instance designed to receive units of work.

This concept of immediate KPI visualization is also fundamental
in industry (IIoT3). For example, [2] implemented a real-time moni-
toring system using Grafana for instant operation and Power BI for
historical analysis. Similarly, [11] designed a three-tier architecture
to monitor fleets of machines and generate data for predictive
maintenance.

D. Proactive Systems and Fault Tolerance

Real-time monitoring forms the basis for designing proactive
systems capable of anticipating failures. Various studies apply ML
to predict problems from sensor data. [3] used ML to analyze the
wear of collaborative robots (cobots) and predict stops. In a similar
vein, [23] used Random Forest models with integrated sensor data to
estimate the remaining useful life of components with high accuracy.

This predictive approach also applies to cloud infrastructure. To
address failures reactively, [7] showed that using ML (e.g., XGBoost)
on performance metrics (CPU, memory) allows for predicting service
outages and speeding up recovery by 38.15 %. Employing AI to
build predictive failure models is a central strategy for high-reliability
microservices systems [24]. The feasibility of these systems also de-
pends on software-level optimizations, such as process improvement
using neural networks [1], implementing efficient control primitives
in ML frameworks [25], and their integration into security dashboards
[4].

From the analysis of these works, a central limitation emerges:
the literature offers effective solutions for MLOps [5, 6, 13], load
balancing [9, 12, 19], and real-time monitoring [2, 7, 8], but almost
always as independent systems. There is a lack of architectures that
use a single, centralized, low-latency data structure to simultaneously
coordinate these three tasks: managing dynamic load balancing, fa-
cilitating real-time monitoring, and administering the model lifecycle
(updates or self-correction).

This research addresses this gap through the design of a Process
Control Table that coordinates the three aforementioned tasks. The
table acts as a centralized state and single point of coordination for
the execution [14, 25], load distribution [9, 12], and monitoring [2, 8]
of ML models in real time.

III. METHODOLOGY

For this research, a practical approach was used that focused on
the development and experimental evaluation of a prototype. The
process was organized into five main phases, which were addressed
sequentially. .

A. Phase 1: Architecture Design (AECC)

In the first phase, we defined a design that we call the Control-
Centered ML Execution Architecture (AECC). This design is based
on a modular approach, inspired by three-tier architectures used for
monitoring machine fleets [11], and organizes the system into four
main components (see Fig. 2). This division of responsibilities makes
system management and maintenance much simpler. The components
are detailed below.

1) Entry Point (API Gateway). This acts as the single gateway
for all external prediction requests that arrive at the system via
HTTP. Its main function is to receive these requests and redirect
them internally to the Control Module. It functions as a facade
that simplifies interaction for clients.

3Industrial Internet of Things (IIoT) is the application of the Internet of
Things (IoT) to the industrial sector [22].



Figure 1. Methodology used.

To ensure system integrity, the Gateway acts as a Policy
Enforcement Point (PEP). Authentication (AuthN) is imple-
mented via the validation of JSON Web Tokens (JWT) signed
by a trusted Identity Provider ( OpenID Connect OIDC),
ensuring that only legitimate clients with valid credentials can
establish a connection. Authorization (AuthZ) is enforced
through Role-Based Access Control (RBAC) and token scopes
(e.g., model:predict or admin:view); the Gateway inspects the
token claims to verify if the authenticated client has the specific
permissions required to access the requested model.
Furthermore, it implements stability patterns such as circuit-
breaking and backpressure. If the Control Module reports sat-
uration or repeated timeouts, the Gateway preemptively rejects
excess requests (returning HTTP 503) to prevent cascading
failures in the internal infrastructure.

2) Control Module (Brain). This is the central component that
coordinates the AECC. It does not execute ML models directly,
but instead acts as an intelligent manager of request traffic. It
contains the Load Manager logic, which queries the Process
Control Table to obtain updated information on the status and
load of each worker. Based on this information, it decides which
specific worker each new request should be sent to, following
the defined balancing algorithm (see Phase 3). It maintains a
direct, low-latency connection with the Control Table.

3) Model Executors (Workers). These are the computing units
that actually perform the ML predictions (inferences). Each
worker is an independent instance, typically packaged as a
microservice in a Docker container, running a specific version
of an ML model. This design allows multiple instances of the
same model (or different models) to operate simultaneously. It
also facilitates adaptation to demand, as workers can be added
or removed as needed to handle the volume of requests without
interrupting service.

4) Monitoring Module. This component is responsible for observ-
ing the overall system status in real time. It operates in parallel,
reading information contained in the Process Control Table
(such as the current load of each worker, its status, and average
latency) and, optionally, directly querying the workers’ status. It
uses this data to update visualization panels (dashboards), such
as those that can be built with Grafana [2], offering a clear view
of system performance. It also plays a key role in reliability
management, as it can detect inactive or faulty workers (based
on the last activity field or repeated failures) and take corrective
actions, such as marking a worker as unavailable in the Control
Table, similar to proactive approaches for predicting failures

[7].

B. Phase 2: Process Control Table Design

As the central component, its design was a necessary phase. A
key-value data structure optimized for high-speed operations was
defined. It was determined that this table should be implemented
in an in-memory database using Redis to ensure minimal latency.
Regarding overhead, the system utilizes pipelined operations to keep
the read/write latency impact below 0.5 ms per request, ensuring
that the control mechanism does not become a bottleneck. To ad-
dress resilience, although the current prototype utilizes a standalone
Redis instance to isolate algorithmic performance, the architectural
design explicitly decouples the logic from the storage topology. The
Control Module’s connection interface is implemented using standard
drivers compatible with Redis Sentinel and Cluster modes. This
design choice ensures that migrating to a High Availability (HA)
configuration requires only configuration updates rather than code
refactoring, effectively eliminating the Single Point of Failure (SPOF)
risk inherent in centralized control structures.

Furthermore, a heartbeat mechanism was implemented via the
last activity field acting as a Time-to-Live (TTL) strategy. Workers
update this timestamp periodically (e.g., every 5 seconds); if the
difference between the current time and last activity exceeds a
defined threshold, the Monitoring Module automatically marks the
worker as inactive, effectively handling node failures without manual
intervention.

The table structure (see Table I) was designed to store the complete,
real-time status of every active worker in the system. Each field was
selected to serve a specific purpose in the control and monitoring
logic.

Table I
STRUCTURE OF THE PROCESS CONTROL TABLE.

Field Example Value Purpose

id_worker worker-uuid-001 Unique executor ID.
id_model modelo fraude Model it is running.
version 1.2 Model version.
status ACTIVE ACTIVE,INACTIVE,ERROR.
endpoint ”http://10.0.1.5:80” Worker IP/port address.
current_requests 3 Current request counter.
avg_latency_ms 150.4 Average latency (KPI) [11].
last_activity (Timestamp) To detect inactive workers.



Figure 2. AECC architecture diagram. Shows the flow of a request from the API Gateway, through the Control Module (which queries the Control Table)
and being directed to one of the Model Executors. The Monitoring Module reads the table for the dashboard.

C. Phase 3: Control Logic Implementation

With the architecture and table defined, the management algorithms
that use this table were designed.

A dynamic load balancing algorithm based on the Least Con-
nections technique was implemented, considered superior to static
approaches [9]. The workflow for each incoming request is as follows.

1) A new request for modelo fraude arrives at the Control Mod-
ule.

2) The Load Manager queries Table I and filters by id model =
’modelo fraude’ and status = ’ACTIVE’.

3) It obtains a list of available workers (e.g., W1, W2, W3).
4) Routing Decision applies the logic, selecting the worker with

the minimum value in the current requests field.
5) The update increments the selected worker’s (e.g., W2) cur-

rent requests counter in the table and forwards the request to
its endpoint.

6) When worker W2 responds, its counter is decremented.

Logic was designed for the Monitoring Module and lifecycle
management, both dependent on the control table [7].

• Monitoring (Read): A process (Grafana [2]) is defined to query
the table every second. It aggregates data to display real-time
KPIs, such as total load (SUM(current requests)) and average
latency (AVG(avg latency ms)) per model.

• Auto-correction (Write): The Monitoring Module also acts as
a watchdog. If it detects that a worker has not updated its
last activity in a while (e.g., 60 seconds) or if it fails repeatedly,
it can change its status to ERROR. The Load Manager will
automatically stop sending it traffic.

• Model Updates: A flow for zero-downtime updates was de-
signed. To deploy version 1.3 of a model, a new worker
(W4) is launched and registered in the table with status =
’INACTIVE’. After a test, its status is changed to ACTIVE.
Simultaneously, the old workers (1.2) are changed to UPDAT-
ING. The manager stops sending them new requests, and when
their current requests counter reaches 0, they are shut down and
removed from the table.

• Drift Detection Pipeline: The architecture extends beyond simply
observing performance to active model lifecycle management.

To detect model drift, the Monitoring Module performs a sys-
tematic check using the Kolmogorov-Smirnov (KS) test on a
continuous stream of incoming data. This test compares the dis-
tribution of features within a sliding window (e.g., the last 1,000
requests) against the model’s original training data. The KS test
calculates the difference between these two data distributions. If
the calculated probability (p) of the two distributions being the
same falls below a strict limit (p < 0.05), the system recognizes
a significant statistical change. This triggers an automated event
via a message queue signal to launch the retraining pipeline.
Using a message queue guarantees the request is processed,
separating the monitoring task from the heavy retraining process
and improving overall system resilience.

D. Phase 4: Experimental Environment Setup

To validate the AECC architecture, a functional prototype was
implemented. This phase consisted of selecting the technological
tools to build each component.

Python with the FastAPI framework was used for the Control Mod-
ule and Workers, chosen for its high performance in asynchronous
operations (async/await), ideal for managing multiple non-blocking
I/O requests.

Redis was selected as the in-memory database for creating the
Process Control Table, given its sub-millisecond latency and native
atomic operations (like INCR and DECR), which are fundamental
for managing request counters (current requests) without race con-
ditions.

For the Execution Environment, the ML workers were designed
to be packaged as Docker containers, allowing for isolation and
scalability.

E. Phase 5: Test and Validation Plan

The final phase of the methodology was to define the experimental
plan to validate the prototype’s performance. Locust, a Python-based
load testing tool, was used to simulate a staggered increase of
concurrent users.

The validation plan focused on comparing two scenarios.
1) Scenario A (Static). A standard deployment with a static load

balancer (Round Robin type).



Figure 3. Sequence diagram of the real-time monitoring and prediction flow.

2) Scenario B (Dynamic). Our prototype implementing the AECC
architecture with the Control Table.

The following key metrics to be collected were defined: average
response latency (ms), which measures the total time from when
the user sends the request until they receive the response. Next,
we have request distribution, which counts how many requests
each individual worker processed in a batch of 10,000 requests.
Finally, fault tolerance, which observes the system’s behavior when
simulating a worker failure.

IV. RESULTS AND DISCUSSION

The prototype described in section III-D was subjected to the
defined load tests. The results validate the utility of the AECC
architecture compared to the static approach.

A. Experimental Setup

The experiments were conducted on a controlled testbed using
Docker containers to minimize external interference. The infrastruc-
ture consisted of a cluster with 4 worker nodes, each allocated with
2 vCPUs and 4GB of RAM, running on a host with an Intel Core
i7 processor and 16GB RAM. The network environment simulated a
local area network with negligible latency (<1ms base RTT).

The load profile used for testing involved JSON payloads of
approximately 2KB. This payload size was specifically calibrated
to match the serialization overhead of the 30-feature input vector
(V1-V28, Time, Amount) defined in the benchmark dataset [26]. By
aligning the payload size with the actual data schema required by the
model, we ensured that the network throughput and serialization costs
reflected a realistic production inference scenario. The ML model
deployed was a Random Forest classifier pre-trained on this dataset.
To evaluate performance comprehensively, we measured throughput
(requests per second) and latency percentiles (p50, p90, and p99).
Reporting these percentiles is crucial for assessing Service Level
Objectives (SLOs), as they capture tail latency behavior that averages

often hide. The recorded error rate remained below 0.1% for the
AECC proposal across all tests until the point of infrastructure
saturation.

B. Performance under Concurrent Load

The first test measured the response latency and throughput (RPS)
while increasing the number of concurrent users simulated by Locust.
Figure 4 presents the latency distribution, showing the median (p50),
p90, and p99 percentiles.

As observed, static balancing (Round Robin) distributes the load
without considering worker saturation, causing the latency for all
percentiles to degrade rapidly as waiting queues form. Critically, the
p99 (tail latency) for the static scheme rises sharply, indicating severe
Service Level Objective (SLO) violation for 1% of users. In contrast,
the AECC architecture, by consulting the control table and choosing
the worker with the least load, maintains all percentiles low and stable
throughout the test duration. This result addresses the challenge of
latency in complex inferences [5].

Furthermore, the throughput analysis Figure 5 confirms that the
AECC proposal achieves a maximum Requests Per Second (RPS)
consistently higher than the static baseline before saturation begins,
demonstrating a significant increase in operational capacity.

C. Effectiveness of Load Distribution

The second test consisted of sending a batch of 10,000 requests to a
system with 4 active workers. Fig. 6 shows the final load distribution.

The results show a very balanced distribution. This confirms that
the least connections algorithm, enabled by the control table, is
highly effective in preventing the formation of bottlenecks on specific
workers.

D. Validation of Monitoring and Fault Tolerance

Finally, the auto-correction logic was validated. During a load test,
a worker failure was simulated (by stopping its Docker container) to



Figure 4. Comparison of response time percentiles (p50, p90, p99) as
concurrent users increase. The AECC proposal maintains stable latency across
all percentiles, validating SLO compliance.

Figure 5. Comparison of maximum Throughput (RPS) achieved by the AECC
proposal versus the static baseline under concurrent load.

Figure 6. Distribution of 10,000 requests among 4 active workers using the
control table. A nearly equitable distribution is observed.

test the system’s Mean Time to Recovery (MTTR). The visualization
dashboard (Fig. 7) reflected the system’s status in real time. The
Monitoring Module detected the inactivity of the failed worker and,
after the configured timeout, updated its status to ERROR in the
Control Table.

Immediately, the Load Manager stopped including that worker
in its list of available destinations, redistributing the traffic among
the remaining healthy workers. This demonstrates automatic fault

tolerance, similar to the rapid recovery systems described by Kamila
et al. [7].

Figure 7. Screenshot of the monitoring dashboard, showing the status, load,
and mean latency of active models, and detecting a worker in an ERROR
state.

V. CONCLUSION

In this work, a modular architecture centered on a process control
table was designed and implemented, with the objective of managing
the execution of ML models in real time. The results show that
this approach effectively addresses problems related to concurrent
requests and bottlenecks, thanks to dynamic load balancing.

The proposed architecture not only optimizes execution perfor-
mance, but also facilitates the MLOps lifecycle, allowing for zero-
downtime model updates and offering a solid foundation for real-time
monitoring, similar to fleet monitoring systems in IIoT [2, 11].

Future work will focus on deepening the empirical evaluation based
on the limitations identified. Specifically, we aim to benchmark the
proposed architecture against industry-standard load balancers like
NGINX and Traefik configured in ”least connections” mode, as well
as weighted and predictive schemes. We also plan to quantify the
exact operational overhead and resource consumption of the control
table components. Furthermore, we intend to perform systematic
fault injection tests (e.g., network partitioning) to measure Mean
Time To Recovery (MTTR) precisely.Finally, to facilitate adoption
and traceability, the complete reproducibility package, including the
Infrastructure as Code (IaC) configuration and test scripts, has been
released and is publicly available at https://github.com/Armandogma/
aecc-mlops-reproducibility.
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