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Abstract

Large-scale event-driven software architectures support responsive and
scalable applications, but their performance can decline because of uneven
event distribution, queue growth, delayed acknowledgements, and inefficient
consumer scaling. This study proposes an Adaptive Event Flow Optimization
Strategy called AEFOS to improve throughput and latency under heavy
workloads. The framework profiles event paths, measures arrival pressure,
partition imbalance, retry concentration, acknowledgement lag, and
dependency pressure, and then applies targeted actions such as consumer
scaling, partition rebalancing, adaptive batching, event prioritization, and
delayed retry control. The strategy was evaluated across five workload levels
and compared with static processing, CPU-threshold scaling, and queue-
length-based optimization. At 100,000 events per second, AEFOS achieved 94,600
successfully processed events per second and reduced 95th-percentile latency
to 286 ms. These results show that coordinated event-flow optimization can
improve system stability, resource use, and responsiveness in large enterprise
event-driven platforms while limiting unnecessary capacity expansion during
rapidly changing traffic conditions.
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1. Introduction

Large-scale software platforms increasingly use event-driven architecture to process business activities,
user actions, device signals, financial transactions, and operational updates in near real time. In this
architecture, event producers publish messages without waiting for every receiving service to complete
its work, while consumers process the events independently. This asynchronous interaction reduces
direct service dependency and allows individual components to scale according to their workloads.
Event-driven systems can therefore support flexible service composition, rapid data movement, and
independent deployment. However, an empirical comparison found that event-driven applications may
consume more CPU, memory, and network resources than equivalent monolithic applications when
communication and processing are not carefully optimized [1]. The architectural style alone does not

guarantee high performance under increasing event volumes.

Performance problems become more serious when thousands of producers, brokers, partitions,
consumers, and data stores operate at the same time. Uneven partition distribution can overload selected
consumers, while excessive event serialization, repeated retries, and synchronous database access can
increase processing delay. An experimental implementation of event-driven microservices showed that
asynchronous communication can improve system scalability when event processing and message
distribution are properly configured [2]. Nevertheless, fixed broker settings and static consumer
allocation are often unable to respond to sudden workload changes. These limitations can produce queue

growth, delayed events, resource waste, and unstable response times during traffic peaks.

The distributed nature of event-driven software also makes performance diagnosis difficult because a
single business operation may produce several related events across different services. Microservice
systems require suitable architectural patterns, service boundaries, and communication rules to avoid
unnecessary coupling and operational complexity [3]. In large deployments, local metrics such as
processor usage may not clearly identify the real source of end-to-end delay. Migration experiences
further indicate that distributed architectures introduce technical and organizational challenges
involving service dependencies, deployment management, and operational monitoring [4]. Performance
optimization must therefore consider the complete event path rather than treating brokers, consumers,

and services as isolated components.

This study proposes an Adaptive Event Flow Optimization Strategy, referred to as AEFOS, for
improving the performance of large-scale event-driven software architectures. The strategy combines
event-path profiling, partition pressure analysis, priority-aware batching, consumer elasticity, and
adaptive retry control. It observes both processing conditions and event dependencies before changing
runtime configurations. The framework is evaluated under increasing event loads and compared with

static event processing, CPU-threshold scaling, and queue-length-based optimization. The work aims
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to maintain high event throughput while reducing processing latency, queue accumulation, and

unnecessary resource COl’lSLll’IlptiOIl.

2. Methodology

The proposed AEFOS framework was designed as a closed-loop optimization layer positioned between
the event broker, consumer groups, and deployment platform. Incoming events were first captured from
multiple producers and assigned a trace identifier, event class, creation timestamp, payload size, and
business priority. The framework then reconstructed the event path from publication to final processing
so that delays could be associated with specific partitions, consumers, or downstream services. Efficient
autoscaling must consider the relationships among cooperating microservices because independently
scaling each component may not protect end-to-end quality of service [5]. AEFOS therefore evaluates

the combined event path before issuing any optimization action.

The event profiling stage generated a new set of runtime indicators for every observation window. These
indicators included arrival pressure, partition imbalance, consumer service time, acknowledgement
delay, dependency depth, retry density, and payload processing cost. Arrival pressure represented the
ratio between new events and completed events, while partition imbalance measured the difference
between the most loaded and least loaded partitions. Consumer service time captured the average active
processing period, and dependency depth counted the number of downstream event stages required to
complete a business operation. Distributed tracing data can reveal performance anomalies that remain
difficult to identify from isolated infrastructure measurements [6]. The indicators were normalized to a

common range before being used by the optimization engine.

A composite Event Congestion Index was calculated to determine whether the architecture was
operating under normal, stressed, or critical conditions. Higher importance was assigned to
acknowledgement delay and arrival pressure because these variables directly represented unfinished
event work. Partition imbalance and retry density received moderate weights, while payload cost and
dependency depth were used to explain the likely source of congestion. The framework also maintained
a short historical window to distinguish temporary event bursts from persistent overload. This prevented
immediate scaling for isolated spikes and reduced unnecessary container creation. The complete

decision variables and their operational roles are presented in Table 1.

Table 1. Event-flow indicators, interpretation rules, and optimization responses used by AEFOS

Event-flow Congestion Expected
- Measurement basis . g . AEFOS response performance
indicator interpretation

effect
. Events received Values above 1.15 Increase active
Arrival pressure - L . Reduces queue
. divided by events indicate growing | consumers for affected
ratio . growth
completed unfinished work event class
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Difference between

.. i Values above 0.30 Reassign keys and Improves
Partition spread maximum and S

. " indicate uneven rebalance consumer workload

factor minimum partition . . . .
loads event distribution ownership uniformity

Time between event Sustained la .
. & Reduce batch size and Lowers
Acknowledgement delivery and above 180 ms . .
o isolate delayed processing
lag successful indicates slow
. consumers latency
acknowledgement completion
0,
Retried events Yalges above 8% Apply delayed retry
Retry . indicate unstable o Prevents retry
. divided by total channels and circuit
concentration downstream . . storms
consumed events . isolation
processing
Weighted number of | Scores above 0.65 Prioritize critical
Dependency Protects end-

pressure score

delayed downstream
event stages

indicate path-level
congestion

events and reserve
processing capacity

to-end flow

The adaptive control stage selected an optimization action according to both congestion severity and
event type. Normal traffic used moderate batches to reduce network and broker overhead. During
sustained high arrival pressure, the framework increased the number of consumers only for the affected
event class instead of scaling the entire application. A lightweight autoscaling approach can reduce
resource allocation while maintaining service quality when scaling decisions reflect workload behavior
[7]. If acknowledgement delay increased while processor utilization remained moderate, AEFOS treated
the problem as a downstream dependency or input/output limitation rather than a lack of computing
capacity. This decision rule avoided adding consumers that would only increase pressure on an already

delayed database or external service.

Partition management and retry handling were optimized separately from consumer scaling. AEFOS
examined event-key distribution in each monitoring window and identified partitions that received a
disproportionate share of high-cost events. The framework then adjusted routing ranges for future
events while preserving the ordering of events belonging to the same business entity. Failed events were
transferred to delayed retry channels with progressively longer waiting periods instead of being
immediately returned to the main topic. Trace and profiling information can be combined to locate
abnormal microservice behaviour more effectively than relying on a single monitoring source [8]. This

separation limited repeated failures from occupying consumer capacity required by valid events.

The evaluation environment represented an enterprise event-processing platform containing twelve
producer services, twenty-four consumer services, a replicated event broker, a distributed cache, and
three transactional data services. Five workload levels were generated at 20,000, 40,000, 60,000,
80,000, and 100,000 events per second. Each workload level was executed ten times for fifteen minutes
after a five-minute stabilization period. AEFOS was compared with static event processing, CPU-
threshold scaling, and queue-length-based optimization. The primary measurement was successfully
processed events per second, while supporting measurements included 95th-percentile latency,

maximum queue depth, consumer utilization, retry rate, and allocated processing capacity. The same
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event sequences, infrastructure limits, and failure injections were applied to all methods to maintain a

fair comparison.

3. Results and Discussion

The results showed that all four methods processed similar event volumes at the lowest workload level
because the available broker and consumer capacity was sufficient. Performance differences became
clearer when the input rate exceeded 40,000 events per second. Static event processing reached its
capacity limit early because it could not add consumers or correct partition imbalance. CPU-threshold
scaling improved throughput after processor utilization increased, but its delayed response allowed
queues to grow before additional consumers became available. Queue-length-based optimization
reacted earlier than CPU scaling, although it sometimes added consumers when the real delay was

caused by downstream acknowledgement or retry failures.

Figure 1 presents the successfully processed event throughput obtained at an offered load of 100,000
events per second. Static event processing completed 68,400 events per second, CPU-threshold scaling
completed 78,900 events per second, and queue-length-based optimization completed 84,700 events
per second. AEFOS achieved 94,600 successfully processed events per second under the same
workload. The proposed strategy therefore increased throughput by approximately 38.3% compared
with static processing, 19.9% compared with CPU-threshold scaling, and 11.7% compared with queue-
length-based optimization. The bar graph directly shows that the proposed method preserved a larger

proportion of the offered workload during severe event pressure.
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Figure 1. Successfully processed event throughput under a workload of 100,000 events per

second

The improvement was produced by the combined operation of several controls rather than by consumer
scaling alone. Event-path profiling allowed the framework to determine whether delay originated in the

broker, consumer, retry channel, or downstream service. Partition-aware routing reduced situations in
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which a small number of consumers received most of the high-cost events. Priority-aware batching
lowered communication overhead during stable operation but reduced batch size when
acknowledgement delay increased. The delayed retry mechanism also prevented failed events from
repeatedly consuming capacity in the main processing path. These actions allowed available resources

to perform more useful event work.

AEFOS also maintained more stable behaviour across repeated experiments. Its 95th-percentile event
latency at the maximum workload was 286 ms, compared with 612 ms for static processing, 447 ms for
CPU-threshold scaling, and 361 ms for queue-length-based optimization. Maximum queue depth was
reduced because additional capacity was assigned before congestion became severe, while selective
scaling prevented unnecessary expansion of unaffected consumer groups. The framework required
additional monitoring and decision processing, but this overhead remained small compared with the
throughput and latency improvements. The findings indicate that large event-driven platforms benefit
from coordinated optimization based on event flow, dependencies, and failure behaviour rather than a

single infrastructure threshold.

4. Conclusion

This study presented AEFOS, an adaptive performance optimization strategy for large-scale event-
driven software architectures. The framework collected event-path information and generated runtime
indicators for arrival pressure, partition imbalance, acknowledgement delay, retry concentration,
payload cost, and dependency pressure. It combined these indicators through a congestion assessment
process and selected targeted actions involving consumer scaling, partition rebalancing, adaptive
batching, event prioritization, and delayed retry control. The evaluation compared the proposed strategy

with three common runtime approaches under five increasing event workloads.

The proposed strategy achieved the highest successfully processed throughput and the lowest 95th-
percentile latency at the maximum workload. Its performance advantage resulted from identifying the
actual source of event congestion before changing system capacity. The framework can support
enterprise platforms such as transaction systems, logistics applications, digital commerce services,
monitoring platforms, and large Internet of Things deployments. The results are based on a controlled
architecture and simulated workloads, so further testing with longer production traces and different

broker technologies would strengthen the practical evidence.
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