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ABSTRACT

Background. The shift to online businesses has driven unprecedented growth in traffic
density and data volumes. Engineering scalable high-load systems involves challenges like
systemic latency, cascading failures from tight component coupling, I/O boundaries and
CAP theorem trade-offs. Flawed architectural patterns cause performance degradation and
financial losses. Therefore, the goal of this study is to analyze and systematize architectural
solutions to minimize mentioned infrastructure challenges and ensure linear scalability of
high-load applications.

Materials and Methods. This paper presents a theoretical study on the architectural
design of high-load distributed systems based on Apache Kafka. The research synthesizes
a comparative analysis of academic literature with the author's practical development
experience.

Results and Discussion. A theoretical analysis reveals that synchronous inter-service
communication based on HTTP/gRPC protocols leads to reduced efficiency in high-load
environments due to cascading delays, tight coupling and thread pool exhaustion risks. The
study substantiates that transitioning to an asynchronous Publish/Subscribe with a Pull-
based model via Apache Kafka provides significant architectural advantages for extreme
horizontal scalability. It provides a stable backpressure mechanism, prevents computational
node overloading, minimizes CPU overhead through batch aggregation and simplifies
broker architecture by shifting data offset persistence to the consumer. The paper
systemically analyzes specific Apache Kafka engineering bottlenecks and proposes
effective mitigation methods.

Conclusion. The paper analyzes architectural solutions for high-load systems based on
the Apache Kafka platform, aimed at increasing the efficiency of stream data processing.
The suggested approaches minimize the systemic risks of asynchronous communication,
ensuring protection against event chronology violation in distributed transactions, data skew
and anomalous message duplication.

Keywords: high-load distributed systems, CAP theorem, BASE model, Apache Kafka,
backpressure, distributed transactions

INTRODUCTION

The rapid growth of data volumes and the necessity to ensure the uninterrupted
operation of modern digital services require engineers to design high-load distributed
software systems. The primary challenges in developing such systems are ensuring
horizontal scalability, high throughput, and fault tolerance. Traditional monolithic
architectures and synchronous communication (e.g., via REST/gRPC) demonstrate low
efficiency under these conditions due to thread blocking and the formation of infrastructure
bottlenecks. Consequently, asynchronous interaction based on the publish-subscribe
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model has become the de facto standard for building modern systems. Apache Kafka [3]
is the leading platform for implementing this model, which, owing to its pull-based
consumption model, allows for the efficient distribution of workloads across computing
nodes. However, the transition to asynchronous distributed architectures introduces
complex engineering and academic challenges. Chief among these are the need for
managing backpressure during peak workloads, as well as ensuring data consistency.
Since classical two-phase transactions [4, 5] are inefficient in a distributed asynchronous
environment, the research and adaptation of specialized architectural patterns become
critically important.

Numerous fundamental works have been dedicated to the design of distributed
systems and the optimization of message exchange. Specifically, the studies of M.
Kleppmann [2, 5] thoroughly describe the trade-offs between data consistency and
availability, while the works of the Apache Kafka platform developers, J. Kreps and N.
Narkhede [3, 6], laid the foundation for distributed log processing. Architectural patterns for
ensuring consistency in microservices, such as CQRS (Command Query Responsibility
Segregation) and Event Sourcing, have been actively investigated in the works of G. Hohpe
[1, 7] and E. Evans [8]. Variants of coordinating distributed transactions using the Saga
pattern, along with mechanisms for guaranteed message delivery via the Transactional
Outbox, are comprehensively detailed in the studies of C. Richardson [5, 9].

Despite the deep theoretical background and wide practical implementation of
individual patterns, modern literature lacks a comprehensive analysis of their interaction
under critical backpressure conditions. Most existing solutions examine the Saga or CQRS
patterns in isolation, without accounting for the specific characteristics of the pull
consumption model, where transaction processing delays on the consumer side can lead
to an imbalance across the entire system. Consequently, there is a clear need for a
systemic analysis and the formulation of recommendations regarding the effective
combination of architectural patterns to minimize latency and preserve data integrity under
high workloads. Therefore, the goal of this study is to analyze and systematize optimized
architectural solutions based on Apache Kafka to ensure data consistency and
backpressure resilience in high-load distributed systems.

MATERIALS AND METHODS

This paper presents a theoretical study on the architectural design of high-load
distributed systems based on Apache Kafka, synthesizing a comparative analysis of
scientific literature with the author's hands-on development experience.

RESULTS AND DISCUSSION

By the late 1990s, the ACID concept was the dominant paradigm in database
engineering, requiring absolute transactional integrity and strict data consistency. However,
with the rapid development of the early Web and the emergence of the first global search
engines (primarily Google), developers realized that traditional relational databases were
incapable of scaling horizontally across thousands of commodity servers. Attempts to
maintain strict consistency across multiple servers over a network resulted in a catastrophic
drop in performance and frequent system failures. In 2000, American computer scientist
Eric Brewer presented a keynote at the Symposium on Principles of Distributed Computing
(PODC), where he first formulated the CAP conjecture [10]. Brewer observed an empirical
pattern: engineers building large-scale internet services were constantly balancing three
parameters — Consistency, Availability, and Partition Tolerance — but no one succeeded in
implementing all three simultaneously.

For two years, this statement remained merely a practical hypothesis until 2002, when
scientists Seth Gilbert and Nancy Lynch from the Massachusetts Institute of Technology
(MIT) published an official mathematical proof of Brewer's conjecture. Utilizing an asynchro-
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nous network model where messages can be delayed or lost, they formally demonstrated
that it is impossible to simultaneously guarantee both strict consistency and 100% availability
in such an environment. From that moment, the conjecture achieved the status of the CAP
theorem [11] — a fundamental law of distributed computing. It formalizes the mathematical
and practical limits of distributed computing environments, asserting that any distributed
system can simultaneously provide no more than two of the following three properties:

1. Consistency (C) — a guarantee that all cluster nodes see identical data at the exact
same moment. Any read operation performed after a write operation must return
the most recent value, regardless of which specific node the client queries.

2. Availability (A) — a guarantee that every request received by a functioning system
node results in a non-error response, without the mandatory requirement that this
response contains the latest version of the data.

3. Partition Tolerance (P) — the system's ability to continue stable operation despite
network delays or communication losses between nodes.

In the context of real-world network infrastructure for high-load systems, the
occurrence of communication anomalies, network latencies, and packet drops is a
statistically inevitable regularity. According to the modern engineering paradigm, Partition
Tolerance (P) is a constant that an architect cannot ignore. A distributed system lacking
partition tolerance is a theoretical abstraction unsuitable for practical high-load operation.
Consequently, the actual architectural choice narrows down to selecting between two
trade-off configurations:

1. Consistency and Partition Tolerance (CP Model) — if a network segment becomes
isolated, the system deliberately blocks read and write operations on unavailable
nodes to prevent data desynchronization (Split-Brain). System availability is
sacrificed to preserve absolute consistency (e.g., in financial transactions).

2. Availability and Partition Tolerance (AP Model) — in the event of a network partition,
all nodes continue to accept requests and return responses. This maximizes
system throughput and ensures an uninterrupted user experience; however, data
across different cluster segments temporarily becomes inconsistent.

Engineers realized that in global networks, attempting to maintain 100% consistency
makes the system slow and vulnerable to any network fluctuations. Efforts to preserve strict
ACID (Atomicity, Consistency, Isolation, Durability) guarantees in high-load infrastructures
resulted in a critical drop in performance due to the need for coordinating distributed locks
(two-phase commits — 2PC). Under the constraints of the CAP theorem, attempting to
maintain strict consistency (C) in a distributed network automatically destroys its availability
(A). This technological contradiction drove an evolutionary transition toward an alternative
architectural paradigm — the BASE (Basically Available, Soft State, Eventual Consistency)
model proposed by Dan Pritchett [12]. BASE is the conceptual antipode to ACID: instead
of pessimistic locking and instant consistency, it is built on the optimistic assumption that
the system can exist in a state of temporary desynchronization to ensure continuous
availability and linear horizontal scalability. Businesses learned to accept the fact that data
across different servers might diverge for several milliseconds or seconds (e.g., user
balances or warehouse inventory numbers updating asynchronously).

Unlike ACID systems, where a transaction is completely blocked and returns an error
in the event of a local failure or network partition, an AP system within the BASE paradigm
guarantees a mandatory response to the user's request. However, the quality of this
response or the service itself can be subject to graceful degradation. The client receives a
response that may contain partially stale data (e.g., displaying an old user balance or a
cached version of a profile), or the system may temporarily disable non-essential functions
(e.g., the personal recommendations block in e-commerce) while preserving the operability
of the primary business scenario. The core architectural principle dictates that a successful,
albeit imperfect, response takes precedence over a total system failure.
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In classical DBMS, the system state is strictly deterministic and changes exclusively at
the moment of a successful user transaction commit. The BASE model introduces the
concept of a "soft" or dynamic state. This means that the data state across different cluster
computing nodes can change independently over time, without direct interaction or
operational input from the user or application code. The primary driver of these changes is
the internal processes of asynchronous replication and log synchronization running in the
background at the infrastructure level. During this synchronization window, different servers
within the distributed system hold different versions of the same object, which is a normal
technological state for high-load environments.

The Eventual Consistency property is the key stabilizing mechanism of the BASE model.
It asserts that while the system abandons strict, instantaneous consistency, it guarantees that
in the absence of new modification (write) operations on a specific object, data across all
geographically distributed nodes and replicas will inevitably become identical and consistent
after a certain, minimal possible time interval. This desynchronization time window (typically
measured in milliseconds) allows the system to process colossal write streams without
waiting for a simultaneous response from all servers in the cluster.

Thus, a systemic analysis of the evolution of distributed computing indicates that the
transition from strict ACID guarantees to AP configurations within the BASE paradigm
(specifically, the concept of Eventual Consistency) is a mathematically and engineering-
justified step to achieve linear horizontal scalability. Abandoning instantaneous data
consistency makes it possible to remove throughput limitations from storage subsystems
and ensure continuous basic availability of digital platforms under extreme workloads.
However, shifting data processing into a decentralized asynchronous environment and the
necessity of independently maintaining eventual consistency at the application architecture
level drastically complicates the software system lifecycle.

Systemic architectural anomalies and data consistency limitations in high-load

distributed infrastructures

When millions of asynchronous operations execute concurrently without rigid
coordination, a series of specific engineering anomalies emerges at the lower levels of
infrastructure and network interaction. The practical implementation and operation of such
systems are accompanied by the emergence of avalanche-like cascading failures of
computing nodes, a critical accumulation of deadlocks during attempts to synchronize the
soft state, and the throughput degradation of queues due to specific processing latencies
of individual requests.

Let us examine in more detail the primary mechanisms underlying the issues that arise
in high-load applications.

Cascading infrastructure failures.

In high-load microservice systems, components are interconnected via chains of
synchronous requests. Each application server possesses a limited number of execution
threads, managed within a thread pool. If one of the non-essential internal services (e.g., a
report generation service or a third-party payment gateway) begins to delay responses due
to database degradation or a network outage, the calling service receives no response,
and its execution thread remains in a blocked state. Under intensive high-load traffic, all
available threads of the calling service become blocked within seconds. Consequently, this
service also stops responding to other components. This triggers an avalanche-like thread
pool exhaustion, whereby a local failure of a single minor node cascade-fails the entire
distributed system.

Concurrency-induced deadlocks.

When millions of users simultaneously interact with a system, the need to modify the
same database records arises (e.g., stadium seat reservations, stock deductions, or wallet
balance updates). To ensure transaction isolation, classical relational DBMSs utilize
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pessimistic locking mechanisms (e.g., SELECT ... FOR UPDATE). If Transaction N1 locks
Row A and attempts to access Row B, while concurrently Transaction N2 has already locked
Row B and is waiting for Row A to be released, a state of mutual waiting occurs: a deadlock.
In high-load systems, pessimistic locks generate massive wait queues at the DBMS level,
leading to a sharp escalation in latency and the total failure of the storage subsystem.

Head-of-Line Blocking (HoL) anomalies.

This problem manifests in any environment governed by sequential data processing
(FIFO — First In, First Out). If a "heavy" message (e.g., a request to generate a massive
PDF report or process a media file array) enters a shared channel or queue, or if a message
triggers an exception in the consumer code and continuously reverts to the front of the
queue, the entire data stream stalls. Thousands of "lightweight" and fast messages (e.g.,
an order status update requiring only 2 milliseconds) queued behind this heavy request are
forced to wait hours for its completion. This paralyzes the system's business logic and
generates an artificial throughput deficit.

Under the constraints of the CAP theorem, given inevitable network latencies (Partition
Tolerance), architects are compelled to adopt the BASE model. This marks a transition
from strict instantaneous consistency (Strong Consistency) to eventual consistency. The
issue of data consistency in high-load distributed architectures represents a fundamental
challenge arising from the abandonment of monolithic databases and the transition to
decentralized asynchronous microservices. Under extreme workloads, this leads to the
emergence of stale or phantom data, concurrent write conflicts, and risks of losing
transactional atomicity.

Desynchronization windows and Stale/Phantom data.

Since data replication across system nodes occurs asynchronously, a temporary
consistency window (desynchronization time window) emerges. During this interval,
different servers or read models hold conflicting versions of the same entity. For instance,
when a user performs an action (e.g., purchasing an item), the record is successfully
committed to the system's write model. However, upon an immediate page refresh, the
corresponding read model has not yet processed the asynchronous event from the broker.
Consequently, the client observes a stale system state (phantom data), which creates an
illusion of a system failure or a lost transaction.

Concurrent write conflicts.

In a decentralized environment, there is no centralized arbiter (ACID coordinator) to
enforce synchronous resource locking for the duration of a transaction. When millions of
users interact with the system concurrently, scenarios involving the competitive update of a
single entity inevitably occur. For example, two independent microservices might
simultaneously read a user's balance (e.g., $100). Service A debits $20, while Service B
concurrently debits $30. Due to the absence of synchronous row-level locking within the
distributed network, both services will attempt to commit their respective local results ($80
and $70). As a consequence, one update will overwrite the other (the Lost Update problem),
leading to a critical balance discrepancy and a complete failure of financial consistency.

Lack of distributed atomicity.

In distributed architectures, a single business process frequently spans multiple indepen-
dent microservices, each managing its own isolated database (e.g., debiting funds in billing,
reserving inventory in the warehouse, and accruing loyalty points). If the first two stages
succeed, but the third service (loyalty points) encounters a crash or returns a validation error,
the system is left in a fractured, inconsistent state. Funds remain debited, and inventory
remains reserved, yet the overall business workflow is stalled. The classical ROLLBACK
mechanism is entirely ineffective in such a network environment, as the first two local
transactions have already been successfully committed within their respective databases.

EnekTtpoHika Ta iHpopmauinHi TexHonorii « 2026 « Bunyck 35 61



Ivan Rovetskii

Out-of-Order execution (Violation of causal ordering).

Asynchronous messages within distributed networks can experience latencies,
undergo dynamic rerouting across different cluster servers, or be processed by parallel
execution threads at varying speeds. For instance, if an event titled "Order Status Updated
to Paid" is delayed in the network due to lag, while an event titled "Order Canceled by User"
arrives faster, the consumer will process them in reverse chronological order. The system
will then attempt to cancel an order that, according to its current local state, has not yet
been created, and subsequently record a payment on an already terminated order —
fundamentally destroying the domain's business logic.

Structural stabilization under Event-Driven Architecture (EDA).

All the mentioned destructive anomalies and data consistency challenges are
successfully resolved within a modern Event-Driven Architecture (EDA) [17], where a
distributed message broker serves as the primary actor in the distributed microservice
system and functions as the central communication data bus. Transitioning from
synchronous requests to an asynchronous stream of events allows for the complete
decoupling of microservices. Instead of waiting for responses from adjacent nodes,
systems commit business facts as immutable events that are instantly published to the
broker. This entirely eliminates the risks of thread pool exhaustion and cascading
infrastructure collapses.

To understand the mechanics of this operational shift, consider two contrasting examples
of implementing the exact same business scenario: order processing on an e-commerce
platform during peak traffic (e.g., Black Friday). The workflow spans four core components:
Order Service -> Payment Service -> Inventory Service -> Notification Service.

When a customer triggers a purchase request, the Order Service allocates an
execution thread and performs a synchronous HTTP call to the Payment Service, which in
turn calls the Inventory Service. If a third-party banking gateway begins to experience
latency at that microsecond, the Payment Service stalls, waiting on the network socket
(Blocked state). Consequently, the execution thread of the Order Service remains blocked
as well. Under extreme traffic spikes (e.g., 10,000 concurrent requests per second), the
finite thread pool of the Order Service reaches total depletion within milliseconds (Thread
Pool Exhaustion). The gateway slowdown cascade-fails the entire platform, rendering the
core application completely unavailable to new users.

By leveraging an EDA coordinated by a distributed message broker, the Order Service
executes a rapid, lightweight local transaction within its own database, instantly emits an
OrderCreated event to the broker's topic, and immediately releases its execution thread to
serve subsequent incoming requests. The thread retention time drops from several
seconds to a mere 2-3 milliseconds. Operating autonomously, the Payment Service
consumes the OrderCreated event from the broker. If the payment gateway degrades or
crashes, it exerts zero impact on the Order Service, which continues to register new
transactions unhindered. The events are safely buffered within the broker's persistent
storage. Once the gateway's operation is restored, the Payment Service drains the
accumulated queue at its own pace and emits an OrderPaid event, which is then
asynchronously processed by the Inventory and Notification services.

Consequently, utilizing a message broker as a central data bus transforms temporary
microservice outages or degradations from critical, system-wide failures into manageable,
expected data-update latencies, ensuring continuous user interface availability for end users.

However, it is crucial to highlight that under extreme workloads, event-driven systems
inherently face the destructive challenge of backpressure. This infrastructure-level anomaly
manifests when the data production and invocation rates at the upstream producer level
significantly outpace the nominal processing capacity and deserialization speed of the
application logic on the downstream consumer side. In the absence of native regulation
mechanisms, the unconstrained accumulation of unhandled event volumes triggers critical
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volatile memory exhaustion (Heap Memory depletion), communication channel throughput
degradation, and an avalanche-like collapse of the distributed infrastructure. The efficacy
of mitigating this issue is directly dictated by the structural architectural model of interaction
between the broker and its consumers, which classifies distributed environments into two
fundamental paradigms: the push-based model and the pull-based model.

Architectural paradigms of data distribution. Analysis of push-based and pull-
based consumption models

Under the push-based consumption paradigm, typified by traditional message brokers
such as RabbitMQ [20], the broker cluster assumes absolute control over the data
distribution vector. Upon receiving inbound payloads from producers, the broker
autonomously, aggressively, and instantly pushes message packets onto the registered
consumer instances via open TCP channels. This architectural behavior ensures minimal
message delivery latency in low-to-moderate traffic conditions, as data is routed to
available consumers without polling delays. However, under extreme workloads or sudden
traffic spikes, this model strips the consumer nodes of operational autonomy. In a strict
push scenario, the broker remains unaware of the downstream execution context or
resource availability. Consequently, it continues to flood the consumer with data even if the
application logic is stalled by heavy database transactions or thread blockages. Without
explicit consumer-side intervention, this unconstrained transmission rapidly fills network
buffers, saturates the consumer's local queues, and inevitably triggers catastrophic out-of-
memory errors (Heap depletion) or node evictions. While RabbitMQ offers a mitigation
framework via the Prefetch Count configuration (Quality of Service limits) — which allows
consumers to declare a maximum threshold of unacknowledged messages to choke the
push influx — this mechanism operates as a static infrastructure constraint rather than a
dynamic, fluid stream regulation framework, shifting significant architectural complexity
onto client-side resource budgeting.

However, RabbitMQ [20] is engineered as a transient message queue topology, where
the physical replication engine is heavily reliant on volatile random-access memory (RAM).
When the inbound traffic stream matches the processing velocity of the consumer nodes,
messages reside exclusively in memory, ensuring ultra-low delivery latency. However,
when backpressure triggers queue accumulation, RabbitMQ is forced to page
unacknowledged payloads out of RAM and persist them onto physical disk storage via a
destructive garbage-collected write pipeline. This paging mechanism induces severe
computational overhead, triggers aggressive Erlang garbage collection loops, and drops
the broker's throughput by up to an order of magnitude, resulting in volatile latency spikes
and unpredictable cluster behavior. Furthermore, RabbitMQ utilizes index-heavy state
tracking, where the broker cluster bears the full computational burden of maintaining
message delivery acknowledgments and routing states for individual consumers. This
design imposes a strict architectural limit on horizontal scaling, as expanding the cluster
across multiple physical computing nodes requires intensive synchronization of queue
states, creating a performance ceiling that typically tops out at 20,000 to 50,000 messages
per second per queue under production workloads with strict persistence enabled.

Conversely, the pull-based data consumption model, fundamentally implemented at a
high architectural level within the Apache Kafka [13-19]. distributed ecosystem, completely
inverts the traffic flow control vector, offering a natural and resilient solution to the
backpressure dilemma. Instead of allowing the broker to dictate data velocity, the pull
paradigm grants complete operational autonomy to the downstream consumers. Under this
framework, consumer microservices independently execute low-level data fetch routines
(polling loops) to extract message batches from specific topic partitions. The data ingestion
volume and transmission speed are regulated exclusively by the consumer node, strictly
based on its available computing capacities, CPU allocations, and memory limits. If a
consumer instance encounters downstream database degradation or performance
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bottlenecks within its business logic execution, it simply delays or reduces the size of its
subsequent poll requests. The broker cluster does not attempt to force the accumulated
traffic; instead, it safely persists the inbound event stream within its immutable, sequential
write-ahead logs on physical storage. This design shifts the state tracking burden away
from the cluster coordinators and eliminates the risk of memory saturation or heap
exhaustion across processing nodes. Consequently, the pull-based architecture transforms
a potentially chaotic high-load surge into a controllable, deterministic data stream,
neutralizing infrastructure-level stalls and providing a stable foundation for maintaining
eventual consistency across highly scalable distributed platforms.

Let us formulate the primary architectural advantages of the pull-based streaming
model implemented within the Apache Kafka ecosystem.

Log-centric storage paradigm

Unlike traditional message brokers that rely on destructive reads (deleting a message
immediately after acknowledgement), Kafka operates as an immutable, append-only commit
log. Messages are sequentially written to disk and persisted based on preconfigured retention
policies (Data Retention). Since the consumption state is determined exclusively by a
numerical pointer known as an offset, which is controlled directly by the consumer, it grants
the consuming instance the capability to forcefully rewind its offset into the past and re-
consume the historical event stream across any temporal window. This allows independent
microservices to drain the same data stream at varying velocities without mutual lock
contention. Concurrently, it provides the deterministic capability for event replay (Event
Replay), which is foundational for Event Sourcing and CQRS patterns, and functions as a
highly reliable transport layer for coordinating sequential steps within distributed transactions
under high workloads. In this context, the Event Replayability mechanism in Kafka resolves
two of the most complex challenges of Event Sourcing.

Deterministic state reconstruction and auditability after catastrophic failures

In traditional database management systems, recovering information after the
corruption of the current system state is a complex, heuristic process. By utilizing Apache
Kafka as an immutable, persistent event store (Source of Truth), any microservice can
deterministically and flawlessly reconstruct its internal state from scratch. To achieve this,
the consumer forcefully resets its offset to zero and sequentially processes the entire
historical commit log. This additionally provides a 100% legally binding audit trail: the
system is capable of mathematically replicating the exact state of the business domain at
any specific microsecond in the past, which is critically important for highly regulated, high-
load financial platforms.

Schema evolution and zero-downtime read model provisioning in CQRS
When a new business requirement emerges (e.g., deploying a new analytical
microservice or altering the database schema of a read model), architects can entirely
bypass complex data migration routines (ETL/Data Migration). The newly introduced
service simply registers as an isolated, independent consumer group. It drains the Kafka
topic from the absolute beginning (zero offset) in a background mode, independently
constructing its own optimized read-side database (Read Model). This operational pipeline
executes with zero impact on other running cluster components and achieves seamless

system expansion without inducing operational downtime (Zero-Downtime).

The "Dumb Broker, Smart Consumer" paradigm.

Kafka completely eliminates computational overhead on the broker cluster side by shif-
ting state management tasks to the consumer nodes. The broker bears no responsibility for
tracking message delivery metadata for individual instances; instead, each consumer inde-
pendently maintains its processing checkpoint within the log using a numerical pointer known
as an offset. This allows for near-infinite scalability regarding concurrent worker distribution.
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Native horizontal partitioning (Key-Based Partitioning).

Slicing logical topics into a multitude of independent physical segments (partitions)
enables the linear horizontal distribution of 1/O workloads across multiple cluster nodes.
Utilizing cryptographic or non-cryptographic hashing of business keys, Kafka guarantees
strict intra-partition FIFO order. The primary advantage for data consistency is that all
events marked with the same business key (e.g., transaction ID) are guaranteed to be
routed to the exact same physical partition. There, they are processed by a consumer
strictly sequentially based on the FIFO (First-In, First-Out) principle.

This architectural capability elegantly isolates Head-of-Line (HoL) blocking anomalies
and eliminates concurrent race conditions and concurrent write conflicts (the Lost Update
problem) at the infrastructure level, without requiring the application of heavy distributed
locks (two-phase commit — 2PC). Consequently, a message broker utilizing a pull-based
polling model and partitioning transforms a chaotic asynchronous environment into a strictly
ordered, fault-tolerant data stream.

Hardware efficiency and system resource optimization

Pull-based polling in Kafka achieves extreme throughput by minimizing context
switches and CPU allocations. Leveraging the Linux kernel sendfile system call (Zero-Copy
technology), the broker streams data bytes directly from the OS page cache into the
network interface socket, completely bypassing user-space buffer allocation. This Zero-
Copy payload transfer — routing data straight from the kernel cache to the network interface
in bypass of user space — ensures a throughput capacity that outpaces push-based
systems by an order of magnitude, closely approaching the physical limitations of the
underlying hardware architecture.

Unlike push-based models that attempt to transmit each individual message
independently — thereby inducing substantial CPU overhead due to excessive network packet
header processing — a Kafka consumer can flexibly request data in large sequential batches
(e.g., up to 500 records or with a 50 ms temporal window). This design pattern significantly
minimizes network transaction frequency and optimizes system resource utilization.

In contrast to traditional asynchronous data buses, Kafka supports a built-in distributed
transaction coordinator protocol to synchronize producer and consumer operations. This
enables the atomic execution of the complete "read-process-write" loop across multiple
distinct topics as an all-or-nothing operation, which is critical for preserving strict
transactional consistency during the implementation of Saga and Transactional Outbox
patterns under extreme workloads.

Saga pattern transforms a single large distributed transaction into a sequence of
localized transactions executed within respective isolated microservices. Each saga step
updates a local database and publishes an event to a message queue (Apache Kafka),
which subsequently triggers the next execution step in an adjacent service. In the event of
a business logic failure or a technical outage at any stage of the workflow, the Saga
executes a reverse chain of so-called compensating transactions. These transactions
sequentially roll back the modifications in reverse chronological order, returning the system
to its initial consistent state [13, 19].

The transactional outbox pattern resolves the fundamental challenge of reliable
message delivery by eliminating the dual-write problem between updating a service's local
database and publishing an event to a message broker (Apache Kafka). Instead of
executing two independent, non-atomic network requests, the business logic updates the
primary domain tables and simultaneously writes the event to a specialized buffer table
(outbox) within a single local ACID transaction in the service's database. A separate
background process continuously polls new records from the outbox table and guarantees
their delivery to the message broker with at-least-once delivery semantics. This completely
eliminates the risk of event loss during sudden network partition events or application
server restarts [13, 19].
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Thus, Apache Kafka completely avoids the bottleneck associated with moving data
between memory and disk (paging) by utilizing an append-only log model, which allows it
to bypass user-space memory management mechanisms entirely. Instead of employing
destructive read operations (where messages are deleted after acknowledgment), Kafka
leverages the operating system's page cache via the Linux kernel's “sendfile” system call
— a technique known as Zero-Copy. When a consumer requests a data packet, the broker
transfers raw byte arrays directly from the OS page cache to the network interface socket,
completely eliminating context switching and user-space memory buffer allocation.
Through sequential data writing (Sequential I/O), Kafka avoids the costly random disk
access operations that significantly degrade the performance of traditional database
management systems; this enables physical throughput to scale linearly up to the limits of
the Non-Volatile Memory Express drives and network interfaces being used.

In high-load enterprise systems utilizing modern hardware infrastructure (such as
standard 10GbE or 25GbE networks combined with distributed multi-node clusters), a
properly configured Apache Kafka system can deliver exceptionally high throughput,
scaling seamlessly from 1 million to over 5 million messages per second with sub-
millisecond latency. State tracking is elegantly offloaded to consumer clients via a numeric
pointer (the offset)/ This means that adding thousands of parallel consumer processes
incurs no performance degradation or additional memory overhead on the broker cluster,
firmly establishing Kafka as the industry standard for high-throughput, horizontally scalable
stream processing.

Engineering challenges of event chronology preservation and partition-level
anomalies in Apache Kafka

Despite the high architectural efficiency and systemic advantages of the Apache Kafka
distributed platform as a central data bus for CQRS and Event Sourcing models, its practical
deployment in high-load environments is accompanied by a series of specific engineering
challenges [13-19]. Ensuring extreme throughput and fault tolerance under the BASE
paradigm requires architects to possess a profound understanding of the broker's internal
mechanisms and to consciously manage design trade-offs. The first and most critical
challenge within this context is guaranteeing a strict chronological order of event processing.

In event-driven architectures (EDA) and software systems implementing Saga or Event
Sourcing patterns, the chronological sequence of messages is a critical constraint for
business logic validity. Practical use cases requiring strictly guaranteed chronological
ordering include:

e Financial operations and ledger balances (Banking). For example, debiting and
crediting funds. If a credit notification event experiences network lag and arrives
after a debit transaction event, the debit operation will trigger a "Failure: Insufficient
Funds" exception, even though the necessary capital should have already been
legally present in the account balance.

e Order management and inventory control (E-commerce). For example, the
sequential workflow of OrderCreated -> OrderPaid -> OrderCanceled. If the
cancellation event bypasses the payment event due to network routing anomalies,
the payment engine will process the transaction unaware of the termination,
resulting in erroneous customer billing and permanent warehouse inventory
locking.

Any disruption in event ordering triggers irreversible desynchronization of the
distributed system's soft state, leading to critical application failures, logic loops, and
financial liability risks. Within a distributed Apache Kafka infrastructure, enforcing strict
message ordering is fundamentally complicated by its horizontally scalable, partitioned
architecture and the intentional abandonment of synchronous distributed locking
mechanisms.
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Apache Kafka does not guarantee a global chronological ordering of messages across
an entire topic. A global sequence exists exclusively within a specific physical partition
commit log. If events relating to the lifecycle of a single entity (e.g., a specific order marked
with order_id: 105) are written across different partitions of a topic, they will be processed
concurrently by separate consumer instances, completely destroying the chronological
event sequence.

To mitigate this constraint, the producing microservice is mandated to explicitly define
a unique business entity identifier (such as an order_id or an account_id) as the message
key during event publication. Kafka's native partitioning function (typically employing the
MurmurHash3 algorithm) ensures that all events sharing an identical key are consistently
routed to the exact same physical partition. This design constraint narrows the scope of the
global ordering problem down to localized partition-level ordering, an environment where
Kafka strictly enforces intra-partition FIFO sequence.

Even when correct key-based partitioning is applied, the chronological sequence of
events can still be disrupted during data transportation from the producer to the broker. To
maximize throughput, Kafka producers transmit messages asynchronously in sequential
batches, leveraging internal memory buffers. If a producer dispatches Batch 1 (e.g., the
OrderCreated event) and Batch 2 (e.g., OrderPaid) nearly simultaneously, and Batch 1 is
dropped in transit due to transient network jitter, the broker returns an error response.
Under a preconfigured automatic retry policy (retries > 0), the producer will retransmit
Batch 1 However, during this network round-trip interval, Batch 2 may have already been
successfully appended to Kafka's partition commit log. Consequently, within the physical
partition, the payment event will be recorded ahead of the creation event, resulting in a
critical out-of-order execution anomaly.

In high-load systems, a fundamental architectural contradiction emerges between the
necessity of ensuring uninterrupted data processing and the requirement to maintain strict
event ordering within a distributed commit log. Given that Apache Kafka guarantees
chronological sequence (FIFO) exclusively within a single physical partition, a severe
engineering challenge arises during exception handling and fault mitigation.

This problem possesses a dual nature and manifests as two interconnected operational
anomalies:

1. Infrastructure-level partition stalling
2. Chronological inversion induced by the deployment of asynchronous non-blocking
retry mechanisms.

If, during sequential data extraction from a partition, a specific record (e.g., Event 2)
triggers an exception within the business logic due to transient downtime of adjacent
databases, network timeouts, or payload defects (a "poison pill"), the consuming
microservice cannot commit its processing offset forward. The instance is compelled to
cyclically re-execute processing attempts for the exact same message (the blocking retries
mechanism). Because the execution thread is bound by Event 2, the consumer is incapable
of advancing to read subsequent messages (Events 3, 4, etc.) queued behind it within the
same partition log. Consequently, a localized processing failure of a single business entity
completely paralyzes asynchronous replication and read-side model replication for
thousands of other concurrent users whose events happened to be routed to this specific
physical partition via key-based hashing.

To circumvent this Head-of-Line blocking effect and ensure the continuous velocity of
the primary queue, engineers frequently implement a non-blocking retries pattern. Under
this topology, if a message (Event 2) encounters a processing failure, the consumer
forcefully extracts it from the primary stream, reroutes it to an isolated retry topic or a Dead
Letter Queue (DLQ), subsequently commits the primary topic offset forward, and instantly
proceeds to the next record. Once the anomalous Event 2 is shifted into the retry pipeline,
the consumer immediately drains Event 3 from the primary log and successfully completes
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its execution. After a preconfigured backoff timeout, a separate retry handler activates and
eventually processes Event 2 successfully.

However, as a direct consequence of this infrastructure maneuver, strict chronological
execution order is completely violated: the business logic for Event 3 is applied to the
system state earlier than that for Event 2. Such a chronological inversion is fundamentally
unacceptable for maintaining data consistency within CQRS and Event Sourcing
architectures.

Architectural mitigation mechanisms for event chronology preservation and stream

integrity within Apache Kafka

The examined dilemma between infrastructure-level partition stalling (Head-of-Line
Blocking) and chronological sequence degradation induced by non-blocking retry
topologies (Retry Topics / DLQ) mandates that architects deploy highly specialized
defensive design patterns. Attempting to resolve these operational anomalies strictly at the
message broker's baseline configuration level is fundamentally ineffective. Consequently,
safeguarding data model integrity under the constraints of eventual consistency shifts from
the infrastructure layer directly to the application logic and component-level architecture.
Within this framework, several advanced architectural mechanisms can be delineated to
effectively neutralize the mentioned vulnerabilities, thereby ensuring end-to-end stream
protection from the upstream publisher down to the final read-side data store.

Producer-level idempotence configuration (Idempotent Producer Protocol).

The first line of defense for preserving event chronology involves mitigating operational
anomalies that manifest during data transit from the source service to the message broker
due to network fluctuations and automated retry policies. At the producer client library level,
the strict idempotence protocol is activated via the enable.idempotence=true configuration.
Upon initialization, the Kafka coordinator cluster assigns a globally unique Producer ID
(PID) to the producing instance, alongside a monotonically increasing Sequence Number
to each discrete message batch targeted at a specific partition.

If a network jitter event prevents the producing instance from receiving an execution
acknowledgment for a successfully committed Batch 1, the retry mechanism triggers
retransmission. The broker intercepts this call and evaluates the incoming Sequence
Numbers against its state ledger. If Batch 1 is already persisted within the log, Kafka
automatically discards the duplicate execution request. Furthermore, the broker strictly
enforces contiguous sequence validation: if a retry anomaly causes Batch 2 to arrive ahead
of the delayed Batch 1, the broker rejects the out-of-order write attempt. This guarantees
that events are appended to the partition's physical commit log in a strict chronological
FIFO sequence, fully maintaining downstream network throughput without inducing
message reordering risks.

Key-based ordered retries and cascading backoff topologies.

To leverage the throughput benefits of non-blocking retries — namely, freeing the
primary partition log from execution stalls caused by anomalous payloads — while
preventing chronological inversion for causally related events, a specialized architecture of
multiple ordered retry topics is deployed. Instead of routing all failing payloads into a single
monolithic retry queue, the design implements a cascading pipeline of sequential retry
topics (e.g., topic-retry-1, topic-retry-2, ..., topic-diq), each governed by a progressive
exponential backoff timeout.

When Event 2, bound to a specific entity (entity id: 105), encounters an unhandled
exception due to transient downstream dependency failure, it is rerouted to topic-retry-1.
Simultaneously, the consumer locks this specific business key within a high-performance
distributed cache (e.g., Redis), marking it as "temporarily blocked." When the subsequent
Event 3, belonging to the exact same business entity (entity_id: 105), is immediately
drained from the primary topic log, the consumer checks the key status in Redis. Detecting
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an active ordering conflict, the consumer bypasses local execution logic and sequentially
routes Event 3 into the retry pipeline immediately behind Event 2. Concurrently, if a
subsequent Event 4 linked to an independent entity (entity_id: 200) arrives, it is processed
successfully with zero operational delay. Consequently, intra-entity FIFO chronology is
strictly maintained on a per-instance basis, while the overall data velocity of the primary
partition remain completely unhindered.

Parallel consumption with entity-key level locking (Parallel Consumer Pattern).

A more elegant and highly performant mitigation method deployed directly at the
consumer client layer involves utilizing multi-threaded processing mechanics within the
boundaries of a single physical partition, a concept programmatically realized via the Kafka
Parallel Consumer architecture. Shifting away from the classical pipeline where a solitary
consumer thread sequentially processes events from an assigned partition, the
microservice drains a massive event batch from Apache Kafka and delegates it to an
internal thread pool execution engine.

Prior to task allocation, the consumer’s internal orchestrator aggregates the extracted
messages based on their business entity identifiers (partition keys). Events linked to distinct
keys are dispatched to separate CPU worker threads and processed concurrently, thereby
optimizing hardware resource utilization. Conversely, events sharing an identical business
key (e.g., the historical lifecycle sequence of a single user account) are strictly bound to
the same execution context and processed sequentially. If Event 2 for a specific key stalls
due to localized retry cycles, the internal orchestrator isolates and locks the execution loop
for that specific entity key alone. Events belonging to all other independent keys within the
same batch continue to be processed concurrently across parallel threads.

Offsetting and state tracking updates back to the Kafka broker cluster are managed via
a sophisticated moving sliding-window acknowledgment scheme (per-message
acknowledgment tracking). This infrastructure capability ensures maximum stream velocity
and throughput while fully eliminating data loss risks during partial failure scenarios.

Engineering of idempotence at the read-side model layer

Given that any architectural maneuvers involving message rerouting, automated
retries, and network partition failures inevitably lead to duplicate data delivery under at-
least-once delivery semantics, the final line of systemic defense involves guaranteeing
consumer instance idempotence. Read-side databases within the CQRS architectural
pattern (e.g., Elasticsearch, Redis, or Cassandra) are engineered such that the redundant
application of the exact same event does not alter the system's final state ledger.

Depending on the maturity and structure of the inbound event stream, the process of
dynamic message uniqueness verification by the consumer node is executed via two
distinct operational pipelines:

1. Explicit unique identifiers — if the upstream producer injects a unique system-level
identifier (such as an event_id formatted as a UUID) or a unique transaction token
(transaction_id) into each message payload, the computational overhead of
generating a hash from the entire message body is avoided. The consumer directly
utilizes this pre-existing string token as an explicit uniqueness key.

2. Deterministic payload hashing — in the absence of end-to-end unique identifiers,
the consuming microservice independently extracts a cluster of critical business
fields whose combination defines the operational uniqueness of the transaction
over a specific temporal window (for instance, in a financial transaction: sender_id
+ recipient_id + amount + timestamp_minutes). These targeted fields are serialized
into a strict, sequential byte array, from which a deterministic hash is generated
utilizing fast, non-destructive algorithms (e.g., SHA-256 where cryptographic
collision resistance is mandatory).

Within high-load infrastructures, significant architectural value is achieved through a
hybrid approach combining explicit entity identifiers with payload hashing. If an incoming
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message possesses a stable entity id (e.g., a user instance identifier) but lacks a clear
state version number, the consumer computes a hash strictly from the remaining payload
fields representing the object's current state attributes. The resulting composite key
(entity_id + payload_hash) enables the system to verify whether an automated retry cycle
is attempting to re-apply an absolutely identical modification state to the same business
entity during network spikes. This mitigates redundant write cycles and eliminates
unnecessary /O locking bottlenecks within the CQRS read-side storage engine.

Regardless of the mechanism utilized to extract the unique tracking key (whether via a
direct UUID string or a dynamically generated deterministic payload hash), prior to
executing any transactional write operations within the CQRS read-side database, the
consumer microservice performs an atomic checkpoint evaluation. This is achieved by
attempting to write the extracted key into a high-performance distributed caching cluster
(typically Redis) utilizing the atomic SETNX (Set if Not Exists) command protocol,
accompanied by a strict time-to-live parameter (TTL, e.g., 24 hours).

If the Redis coordinator returns a success status, it verifies that the incoming message is
being processed by the system context for the first time. The projector service then
unhindered executes the corresponding CQRS read model modification query, commits the
consumer offset forward to the Apache Kafka cluster, and terminates the processing iteration
loop. Conversely, if the Redis node rejects the write operation — indicating that a key
containing an identical identifier or payload hash has already been registered within the state
ledger — the consumer instantly identifies the current event as an redundant delivery induced
by automated retry policies or network jitter spikes. The microservice completely bypasses
the execution of heavy business logic computations and storage engine write cycles; instead,
it marks the event payload as successfully processed, advances the Kafka consumer offset
pointer forward, and seamlessly transitions to the next transaction.

Leveraging explicit unique identifiers maximizes deduplication velocity while
completely eliminating the mathematical vectors of hash collisions. On the other hand,
generating a deterministic payload hash in the absence of explicit identifiers enables the
implementation of robust idempotence layers even across heterogeneous, unstructured
data streams. Utilizing volatile In-Memory caching via Redis guarantees that key validation
latency is restricted to sub-millisecond thresholds, which is well within acceptable limits for
high-throughput, high-load environments.

However, the primary operational challenge within this topology remains the
configuration and control of the TTL parameter (the deduplication temporal window).
Architects must carefully balance the volatile memory capacity constraints of the Redis
cluster infrastructure against strict business domain requirements regarding the maximum
retention lifespan for delayed stale events arriving from downstream retry pipelines.

The Data Skew anomaly and corresponding architectural mitigation strategies

The distributed architecture of Apache Kafka is fundamentally built upon the principle
of parallelism, where extreme throughput is achieved by evenly distributing the message
traffic across a multitude of independent physical partitions. However, within real-world
high-load infrastructures, maintaining absolute traffic symmetry encounters a fundamental
engineering anomaly known as data skew (or partition skew).

As established previously, to enforce strict intra-partition FIFO chronological ordering,
producing instances leverage consistent partitioning algorithms based on business key
hashing. However, the probability distribution of these transaction keys in a real-world
enterprise ecosystem is almost never uniform. A classic manifestation of this issue occurs
in large-scale B2B platforms or macro-marketplaces, where a single enterprise-tier client
account or top-tier merchant generates millions of transactions per hour, whereas
thousands of micro-users emit only isolated, sporadic requests. Because Kafka's native
partitioning hash function rigidly binds a specific business key to a dedicated partition, an
operational crisis unfolds: a single physical partition of a topic absorbs up to 80-90% of the
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entire high-load ingestion volume, while the remaining cluster partitions remain heavily
underutilized. This phenomenon is technically defined as data skew [13-19].

Data skew triggers a cascade of destructive infrastructural consequences, primary
among which is the effective neutralization of horizontal scalability benefits. Even if a topic
is scaled across 64 physical partitions and the corresponding consumer group scales out
to 64 independent server instances, 63 of those nodes will remain idle or underloaded.
Concurrently, the solitary consumer thread allocated to the saturated partition will operate
at the absolute thermal and physical thresholds of its CPU capacity and volatile memory
limits, rendering the expanded infrastructure ineffective.

This architectural imbalance directly causes a critical escalation of consumer lag within
the processing pipeline. Because a single execution thread is physically incapable of
draining the gigabyte-scale impulsive influx hitting the overloaded partition log, event
processing latency escalates from milliseconds to minutes or hours. Under the constraints
of eventual consistency, this latency creates long-lasting data desynchronization windows
within the CQRS read-side models for that entire user segment.

Furthermore, this disruption results in asymmetric storage depletion across broker
nodes within the cluster layout. The specific cluster brokers hosting the leader replicas of
the saturated partitions begin to rapidly accumulate massive write-ahead logs. This highly
uneven disk utilization can prematurely trigger aggressive cluster data retention policies,
causing the forced truncation of logs and the catastrophic loss of unconsumed message
payloads.

To overcome the destructive impact of data skew during the design phase of high-load
infrastructures, software architects deploy specialized trade-off strategies aimed at
redistributing traffic across the cluster.

One primary approach involves synthetic key expansion, commonly known as the Key
Salting Technique. If a specific business key is identified as anomalously large, such as
vendor_id_555, the producer dynamically appends a randomized or round-robin synthetic
suffix — the "salt", ranging from vendor_id 555 1 to vendor_id_555 4 — prior to data
transmission. This architectural modification forces Kafka's native partitioning function to
scatter the transaction volume of a single massive client evenly across multiple distinct
physical partitions. However, this strategy introduces a significant architectural trade-off,
as absolute chronological ordering across the entire entity scope is sacrificed and
preserved only within individual salted sub-partitions, which consequently shifts the burden
of ordering and deduplication onto the downstream CQRS read-side models.

Another effective pattern is the implementation of a two-stage distributed aggregation
topology, which is primarily utilized within stateful streaming analytics frameworks such as
Kafka Streams or Apache Flink. Under this design, the inbound stream data is initially
partitioned via a completely randomized key mapping, intentionally bypassing strict
ordering rules to perform primary, low-level in-memory metric pre-aggregation. This initial
phase drastically decreases the physical traffic volume before subsequent routing.
Following this pre-aggregation step, the analytical results are remapped and forwarded into
the target topic utilizing the final, deterministic business key, successfully preserving cluster
stability without overwhelming individual nodes.

Finally, architects utilize composite key routing to balance the data distribution across
the computing environment. This method involves engineering complex, multi-attribute
partition keys that encapsulate not only the unique entity identifier but also a granular
temporal marker or a transaction typology attribute, such as vendor_id + transaction_type.
Decomposing the key space in this manner allows the system to partition different event
types of a single enterprise-tier client across separate physical computing nodes, thereby
preventing single-partition saturation and maintaining smooth horizontal scalability.
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The Consumer Group Rebalancing anomaly and corresponding architectural
mitigation strategies

The high fault tolerance and operational elasticity of Apache Kafka are natively
sustained by its consumer group architecture. The broker cluster dynamically coordinates
the allocation of physical topic partitions among available instances of consuming
microservices. However, under high-load conditions, this partition redistribution workflow —
technically defined as rebalancing — mutates into a severe engineering bottleneck capable
of inducing massive throughput degradation and critical processing delays (Consumer
Lag). The cluster transaction coordinator (a designated Kafka broker node) initiates a
rebalancing routine whenever changes occur within the group topology or topic metadata
configurations:

e Dynamic horizontal scaling — the hot plug-in deployment of new consumer nodes
to handle peak influx volumes.

e Planned or unplanned node demise — scheduled rolling restarts or abrupt
infrastructure crashes of a service instance.

e Topic topology alterations — modifying the total partition count within a live topic
metadata ledger.

e False node eviction — the most prevalent failure vector under extreme workloads,
where a consumer instance remains physically viable and healthy but fails to
process a massive accumulated data batch within the preconfigured temporal
threshold (max.poll.interval.ms). The cluster coordinator presumes the service is
stalled, forcefully evicts it from the active topology ledger, and declares a cluster-
wide rebalance.

Under legacy infrastructural configurations, such as utilizing the traditional Eager
Rebalance Protocol, this state synchronization process triggers a cascade of critical
operational anomalies [13-19].

The first major disruption manifests as the "Stop-the-World" synchronization stall,
during which an eager rebalance routine forces the cluster coordinator to revoke partition
allocation privileges from all consumer instances within the active group concurrently. As a
consequence, inbound data ingestion and processing freeze entirely across the global
pipeline for several seconds or even minutes while node synchronization and partition
reassignment states are resolved. Under extreme high-load conditions, even a sub-second
processing pause triggers the accumulation of hundreds of thousands of unhandled
message payloads within the broker’s persistent buffers.

This synchronization freeze directly leads to exponential processing lag escalation,
creating a severe lag spike upon rebalance finalization when the consumer group suddenly
encounters a massive, aggregated volume of accumulated message traffic. Forcing the
system to aggressively drain this backlogged data generates extreme CPU resource
saturation across consuming instances and induces volatile load impulses within
downstream read-side engines, such as the Query DB in CQRS architectures.

Furthermore, this disruption frequently causes transactional duplication and state
reconciliation storms across the cluster topology. If a consumer instance successfully
executes a processed data batch but the group transitions into a rebalance state before
the execution offset commitment is synchronized back to the Kafka broker registry, a critical
inconsistency unfolds. The newly provisioned node assigned to that specific partition will
resume data ingestion from the last successfully recorded historical checkpoint, triggering
massive redundant message execution loops. This duplication heavily saturates
application-level idempotence layers and severely drags down the overall performance of
the asynchronous CQRS read-side data synchronization pipeline.

To minimize the destructive impact of rebalancing operations within high-load
environments, enterprise software architects deploy targeted mitigation configurations and
design patterns across the system architecture. Primary among these methods is the
deployment of the cooperative sticky assignor protocol. Shifting away from the legacy
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Eager Rebalance Protocol, which mandates a global and indiscriminate revocation of all
partition allocations, the Cooperative Sticky Assignor mechanism leverages an incremental
state synchronization algorithm. Under this framework, the cluster transaction coordinator
targets and migrates exclusively those specific physical partitions that require relocation to
alternate nodes, allowing the remaining consumer instances to continue data ingestion and
processing unhindered from their designated logs, thereby completely neutralizing the
catastrophic "Stop-the-World" synchronization stall.

In parallel, the implementation of node identity persistence via the Static Membership
Pattern serves as a critical mechanism to prevent unnecessary group state disruptions.
Consumer instances are explicitly allocated a globally unique, stable deployment identifier
using the group.instance.id configuration parameter, which is typically mapped to a
deterministic Kubernetes Pod name string. When a microservice node restarts, such as
during a rolling code deployment cycle, and successfully recovers within the preconfigured
temporal window defined by session.timeout.ms, the cluster coordinator recognizes the
node as a pre-existing participant. Consequently, a group-wide rebalance is bypassed
entirely, and the physical partition mapping remains strictly anchored to that specific
computing instance.

Finally, clusters must be immunized against false node evictions by ensuring the strict
decoupling of system polling loops from heavy computational latencies. This defensive
pattern involves definitive thread isolation and lifecycle decoupling, where the primary
consumer execution thread exclusively runs low-level data fetch routines via the poll
method. This thread instantly offloads the drained message batches into an internal,
asynchronous Worker Thread Pool dedicated to business logic execution, immediately
returning to its next sequential iteration loop. This strict segregation guarantees that the
client instance consistently transmits cluster health heartbeats back to the broker
coordinator registry within mandated boundaries, fully independent of the execution
complexity or temporal duration of individual Saga transactions.

CONCLUSION

As a result of the conducted study and the comprehensive systematization of
architectural principles for constructing high-load scalable software architectures, several
primary outcomes have been achieved.

First, the efficacy boundaries of legacy architectures were substantiated. Research
has shown that monolithic topologies and synchronous interaction protocols (such as
HTTP/REST and RPC) exhibit limited effectiveness under extreme loads, as the rapid
exhaustion of execution resources and thread pools, combined with network 1/O latency,
significantly hinders the maintenance of system resilience.

Second, the study systematically demonstrates that traditional push-based message
streaming models exhibit severely limited horizontal scalability under extreme workloads.
A rigorous architectural evaluation of push-based frameworks, exemplified by RabbitMQ,
reveals that aggressive, broker-driven data distribution causes an uncontrollable influx of
message packets during sudden traffic spikes, effectively stripping consumer nodes of
operational autonomy. Furthermore, the analysis highlights that push-based architectures
suffer from significant computational overhead induced by heavy index-based state
tracking and message delivery acknowledgment management on the broker side,
alongside the performance degradation triggered by memory-to-disk paging and disruptive
garbage collection loops during backpressure events, which collectively establish a strict
infrastructure throughput ceiling.

Third, a rigorous comparative analysis demonstrated that deploying Apache Kafka
represents a sound and engineering-appropriate architectural choice for high-load
infrastructures. Its advantages over legacy message brokers and traditional queuing
networks are validated by inherent backpressure regulation, maximized concurrency, and
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universal persistence semantics. Owing to the pull-based ingestion model, downstream
consumer nodes independently regulate traffic ingestion velocity, effectively mitigating
volatile memory saturation and heap exhaustion risks. Furthermore, horizontal topic
partitioning combined with low-level sequential disk operations and Zero-Copy payload
transfer technology enables linear hardware resource utilization up to the physical
boundaries of underlying network card interfaces and storage arrays. Additionally, long-
term message commit log retention coupled with client-side offset tracking provides a
unique event replayability capability, which is critically important for the background re-
population of CQRS read models and deterministic state reconstruction within Event
Sourcing topologies.

Finally, the operation of Apache Kafka under extreme workloads reveals specific
operational anomalies that require targeted counteraction. In the context of addressing
intra-partition FIFO violations and Head-of-Line (HoL) blocking, the paper proposes the
integration of the Idempotent Producer Protocol, explicit key-based message routing, and
multi-threaded Parallel Consumer architectures as potential structural solutions. Within the
context of alleviating partition data skew and traffic asymmetry, the study proposes
synthetic key space expansion via the Key Salting Technique alongside two-stage
distributed streaming aggregation topologies as viable mitigation options. Furthermore, to
overcome the challenges of consumer group rebalancing, the paper proposes transitioning
to the incremental Cooperative Sticky Assignor Protocol, implementing static node
membership registries, and enforcing strict thread-level decoupling of system polling loops
from application logic. Lastly, in the context of managing redundant message delivery
during retry cycles, the study proposes high-performance uniqueness filtering using explicit
UUID event tokens and dynamic payload-based hashing combined with atomic In-Memory
distributed state caches as possible read-side remedies.

The formulated recommendations and architectural mitigation frameworks demonstrate
that a highly reliable configuration of the Apache Kafka ecosystem serves as a key
infrastructural determinant for the successful engineering of fault-tolerant, high-performance
digital platforms across diverse data-intensive domains, including E-commerce networks,
FinTech architectures, loT ecosystems, and Big Data processing infrastructures.

Future advancements within this research domain will focus on conducting empirical
benchmarking experiments and executing precise latency metrics measurement to perform
a comprehensive comparative analysis between the Key-Based Ordered Retries
architecture and the Parallel Consumer pattern deployed across cloud-native environments
managed under Kubernetes cluster orchestration.
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CYYACHI APXITEKTYPHI NMPUHLUWUMNU NPOEKTYBAHHA
BUCOKOHABAHTAXEHUX PO3NOAUTEHUX CUCTEM

leaH Poseubkul
Tibeiecbkuli depxasHuli yHigepcumem 6esrneku xummedisibHOCM,
syn. Knenapiecbka 35, Jibsig, 79007, YKPAIHA

AHOTALIA

BcTtyn. CTpiMKMI po3BUTOK LIMAPOBOT EKOHOMIKM CMIPUHMMHMB 3pOCTaHHS 0bcAriB AaHMX Ta
WineHocTi Tpadiky. MpoekTyBaHHSA BUCOKOHaBaHTaXeHUX MrnaT¢opM 4acTo CynpoOBOLKYETb-
€Sl CUCTEMHUMU 3aTPUMKaMU, KackagHUMK 3608Mu1 iHppacTPYKTypu Yepes XOPCTKY 3B'3HICTb
KOMTMOHEHTIB, a TaKOoX OOMEXeHHSMU MPONYCKHOI 34aTHOCTI NiACUCTEM BBOAY-BUBOAY.
Momwunkm npy BUBOpPI apXxiTeKTypHMX WabnoHiB Npn3BoAsaTL 40 Aerpajalii NpoayKTMBHOCTI Ta
ciHaHCOBMX BTpaT. MeTow [aHOro OOCNiMKEHHS € aHani3 Ta cucTeMaTtmsauis cyyYacHUX
apxiTeKTypHUX MNPUHLMNIB NS MiHiMi3auii 3a3HayYeHuX iHPaCTPYKTYPHUX BUKIMKIB Ta
3abe3neyeHHs MaclTaboBaHOCTi BUCOKOHABAHTaXKEHNX 3aCTOCYHKIB.

Marepianu Ta metogn. Y poboTi BUKOHAHO TEOPETUYHE OOCHIMKEHHS 0cobnMBOCTEN
NPOEKTYBaHHSA apXiTEKTYpY BUCOKOHaBaHTaXXEHMX PO3MOAINEeHNX CUCTEM Ha OCHOBI Bpokepa
nosigomneHb Apache Kafka, sike 6a3yeTbcst Ha aHanisi Ta NOPIBHAHHI hakTiB, OTpUMaHUX 3
HayKOBMWX JXXepern, a TakoX y pe3ynbTaTi OTPYMaHOro npakTM4HOro AOCBiQy aBTopa.

PesynbTatn. Y pesynbTaTti TEOPETUYHOrO aHanisy BUSABMNEHO, LO CUHXPOHHA
MixXcepBiCHa B3aemopis Ha ocHosi npotokonie HTTP/GRPC npusBoauTb A0 3HWXKEHHS
eEeKTMBHOCTI Y BMCOKOHABAHTaXeHNX cepeaoBuLLax Yyepes KackafHi 3aTPUMKU, KOPCTKY
3B'I3HICTb Ta PM3KK BUYEpPNaHHs NyniB NoTokiB. OGrpyHTOBaHO, L0 aCMHXPOHHa MOJErNb 3a
wabnoHom «[y6nikauis/Mignicka» Ta mMoaenb 3anuTiB OaHUX CrOXUBAYEeM Ha OCHOBI
6pokepa Apache Kafka Hagae apxiTekTypHi nepeBaru ans 3abe3neyeHHst ropu3oHTanbHOro
mMacluTabyBaHHs1, 3anobiratoum nepeBaHTaXXeHHIo By3riB. Y poboTi Takoxk npoaHanisoBaHo
iHXXEHEePHI BUKMMKK, SIKi BUHMKAIOTb Mig Yac ekcrnyarauii 6pokepa Apache Kafka.

BucHoBKku. Y poboTi npoaHanisoBaHO apXiTEKTYpPHi PiLLEHHS ANA BUCOKOHABAHTaXEHNX
cucteMm Ha ocHoBi 6pokepa Apache Kafka, cnpamoBaHi Ha nigBuLLEeHHS e(EeKTUBHOCTI
npoLeciB MOTOKOBOro OMpaLloBaHHA OaHuMX. 3anpornoHOBaHO MiAXOAM, SKi MiHIMI3YyHOTb
CUCTEMHi PU3MKM aCMHXPOHHOI KOMYHiKaLii, 3abesneuyloun 3axucT Big MNOPYLUEHHS
XPOHOIOrii MOAIN Yy PO3NOAINeHnX TpaH3aKuUiax, HepiBHOMIPHOro poa3nodiny Tpadiky Ta
aHoMarnbHOro Ay6ntoBaHHS NOBILOMIEHD.

Knrodoei cnoea: BUCOKOHaBaHTaXeHi poanogineHi cucrtemu, CAP-teopema, BASE-
mogensb, Apache Kafka, 3BopoTHuMIN TUCK, po3nogineHi TpaH3akuii
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