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Abstract- Stream processing systems increasingly underpin mission-critical applications in finance, telecommunications,
healthcare, and real-time analytics, where correctness requirements extend far beyond low latency and high throughput to
include strong and formally defined processing guarantees. In these domains, even rare duplication or loss of events can lead to
financial inconsistencies, regulatory violations, or incorrect real-time decisions, making exactly-once processing semantics the
de facto gold standard for reliable stream processing. Exactly-once guarantees ensure that every input event contributes to
system state transitions and downstream outputs precisely once, despite failures such as node crashes, network partitions, or
message replays. This article examines how such guarantees can be realized in modern streaming architectures by combining
Apache Flink’s stateful stream processing model with Apache Kafka’s transactional messaging capabilities, a pairing that
emerged as a practical and scalable solution prior to 2019. Drawing on foundational research and engineering contributions
published before 2019, the paper explains the theoretical underpinnings of consistent distributed state snapshots, barrier-based
checkpointing, and transactional sink coordination, which together form the backbone of end-to-end exactly-once semantics.
Using publicly available diagrams from Flink’s state-management research, we illustrate how coordinated checkpoints and
two-phase commit protocols align stream state, message offsets, and external side effects into a single atomic unit of progress.
The discussion further highlights real-world operational trade-offs, including checkpoint overhead, transaction latency, and
configuration complexity, and distils lessons learned from early production deployments that demonstrate how strong
correctness guarantees can be achieved without sacrificing scalability or performance in large-scale distributed stream

processing systems.
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I. INTRODUCTION

The rise of event-driven architectures has fundamentally
transformed data processing paradigms, shifting systems away
from batch-oriented pipelines toward continuous, unbounded
data streams that operate in near real time. Platforms such as
Apache Kafka and Apache Flink have emerged as
foundational infrastructure for handling these streams at scale,
offering high throughput, low latency, and horizontal
scalability across distributed environments. Early stream
processing systems, however, primarily focused on
performance characteristics and operational simplicity, often
providing only at-least-once or best-effort delivery guarantees.
Under these models, events could be processed multiple times
during retries or failures, requiring downstream applications
to implement complex deduplication and idempotency logic.
While acceptable for non-critical analytics, such guarantees

proved insufficient for applications where correctness and
consistency are paramount. Developers were frequently forced
to trade off simplicity for correctness, embedding error-
handling logic directly into business code. This increased
system complexity and reduced maintainability. As stream
volumes grew, so did the cost of managing inconsistencies.
These limitations exposed a fundamental gap between
streaming performance and reliability. Addressing this gap
became a central challenge in the evolution of stream
processing systems.

As stream processing expanded into regulated and revenue-
critical domains such as payment processing, fraud detection,
telecommunications monitoring, and healthcare analytics, the
shortcomings of weaker guarantees became increasingly
apparent. In these environments, even a single duplicated or
lost event can lead to financial discrepancies, incorrect risk
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assessments, or violations of regulatory compliance.
Consequently, system designers began demanding stronger
correctness guarantees that could be reasoned about formally
and enforced automatically by the platform. Exactly-once
processing semantics emerged as the ideal model, ensuring
that every event influence application state and downstream
outputs exactly once, independent of failures or retries. This
model abstracts away failure-handling complexity from
application logic, allowing developers to focus on business
semantics rather than recovery mechanisms. However,
exactly-once semantics are not merely a messaging concern;
they encompass state management, offset tracking, and
external side effects. Achieving this level of correctness
requires coordination across multiple system layers. The
increasing importance of trust, auditability, and determinism
further elevated exactly-once guarantees from a desirable
feature to a fundamental requirement. As a result, research and
engineering efforts converged on building streaming systems
with stronger transactional properties.

Implementing exactly-once semantics in distributed systems
remains a non-trivial problem due to partial failures,
asynchronous communication, and the inherent lack of global
coordination. Stream processors must carefully align message
ingestion, state transitions, and interactions with external
systems such as databases or message brokers. Any mismatch
between these components can result in duplicated outputs or
lost updates. Apache Flink addresses this challenge through a
stateful stream processing model based on consistent
distributed snapshots and coordinated checkpointing. Apache
Kafka complements this approach by providing transactional
messaging primitives that enable atomic writes and offset
commits. When used together, these systems form a practical
and theoretically grounded foundation for end-to-end exactly-
once processing. Flink’s checkpoints define consistent points
of progress, while Kafka’s transactions ensure that produced
messages and consumed offsets remain synchronized. This
combination enables deterministic recovery after failures
without violating correctness guarantees. The resulting
architecture demonstrates that exactly-once semantics are
achievable in real-world systems at scale. Together, Kafka and
Flink represent a significant step forward in reliable stream
processing.

II. BACKGROUND AND RELATED WORK

Processing Guarantees in Stream Systems

Stream processing systems are commonly classified based on
the guarantees they provide regarding event delivery and state
updates in the presence of failures. At-most-once semantics
prioritize low latency and simplicity by allowing events to be
lost but never duplicated, making them unsuitable for
correctness-critical applications. At-least-once semantics
ensure that events are not lost, but allow reprocessing under
retries or failures, which can lead to duplicate effects. While

this model is widely adopted due to its performance benefits
and ease of implementation, it shifts responsibility to
downstream consumers to handle duplication through
idempotency or deduplication logic.

Exactly-once semantics represent the strongest processing
guarantee, ensuring that each event affects application state
and external outputs precisely once. This model significantly
simplifies application-level logic and provides a clear
correctness contract, but it introduces additional complexity at
the system level. Implementing exactly-once semantics
requires coordinated handling of message ingestion, state
transitions, and output side effects. As stream processing
systems evolved to support more critical workloads, exactly-
once guarantees became essential for building reliable,
maintainable, and auditable streaming applications.

Kafka’s Evolution Toward Exactly-Once

Apache Kafka was originally designed as a high-throughput,
distributed commit log that emphasized durability and
scalability over transactional guarantees. Early versions relied
on at-least-once delivery, which was sufficient for log
aggregation and analytics workloads but inadequate for
applications requiring strict correctness. This limitation
became increasingly apparent as Kafka was adopted for real-
time data pipelines in financial services, fraud detection, and
event-driven microservices architectures.

A major milestone occurred with the release of Kafka 0.11 in
2017, which introduced idempotent producers, transactional
writes, and read-committed isolation for consumers. These
features enabled Kafka to atomically group message
production and offset commits into a single transactional unit.
As a result, consumers could avoid reading partial or aborted
writes, and producers could safely retry without creating
duplicates. This transformation elevated Kafka from a
messaging system to a transactional streaming platform,
forming the foundation for end-to-end exactly-once
processing when integrated with stateful stream processors
such as Apache Flink.

Flink’s Stateful Stream Processing Model

Apache Flink was designed from its inception as a stateful
stream processing engine with strong fault-tolerance
guarantees. Unlike earlier systems that treated state as an
external concern, Flink integrates state management directly
into the execution model. Its core mechanism is a distributed
consistent checkpointing algorithm inspired by the Chandy—
Lamport snapshot technique, which allows the system to
capture a globally consistent view of operator state and in-
flight data without stopping the dataflow.

Flink periodically injects checkpoint barriers into the stream,
enabling operators to asynchronously snapshot their state
while continuing to process events. In the event of a failure,
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the system restores the most recent snapshot and resumes
processing deterministically from known offsets. The state-
management framework formalized by Carbone et al. (2017)
demonstrated that strong consistency guarantees can be
achieved without global pauses or excessive synchronization
overhead. This design allows Flink to scale to large, low-
latency deployments while maintaining exactly-once
semantics, making it a suitable foundation for reliable stream
processing pipelines.

III. ARCHITECTURE FOR EXACTLY-ONCE
PROCESSING

Consistent Distributed Snapshots

Apache Flink achieves exactly-once processing semantics
through a distributed checkpointing mechanism grounded in
the theory of consistent global snapshots. Rather than pausing
the execution graph, Flink periodically injects checkpoint
barriers into the data streams emitted by source operators.
These barriers travel downstream alongside normal event
records, marking logical boundaries in the stream. When an
operator receives a barrier from all of its input channels, it can
safely infer that all events preceding the barrier have been
fully processed. This non-blocking approach allows Flink to
capture consistent snapshots without sacrificing throughput or
introducing global coordination pauses.

At the completion of a checkpoint, Flink records a
comprehensive snapshot that includes operator state, in-flight
records, and source offsets. Operator state encompasses all
keyed and operator-level state used in computations, while in-
flight records account for events that have been emitted but
not yet processed downstream. Source offsets identify the
exact consumption position within input streams such as
Kafka topics. Capturing these components atomically ensures
that the system can be restored to a precise and reproducible
point in the execution. This tight coupling between state and
input position is essential for preventing event loss or
duplication during recovery.
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Figure 1. Pipelined Snapshotting with Cyclic Dataflows in
Apache Flink

Figure 1 illustrates how Flink extends this snapshotting
mechanism to cyclic dataflow graphs, which introduce
feedback loops that complicate traditional snapshot
algorithms. In such topologies, naive barrier alignment can
lead to deadlocks or inconsistent snapshots. Flink addresses
this challenge by selectively logging in-flight data within
cycles, enabling barriers to progress without waiting
indefinitely. This design allows Flink to support iterative
streaming algorithms and feedback-driven pipelines while still
preserving exactly-once semantics, demonstrating the
robustness of its snapshot model under complex execution
scenarios.

Snapshot Usage and Recovery

Although snapshots are most commonly associated with
failure recovery, their role in Flink extends to several
advanced operational capabilities. Snapshots act as durable,
versioned representations of application state, enabling
stateful upgrades in which new application logic can be
deployed without discarding accumulated state. By restoring
state from a snapshot and applying schema evolution or state
migration rules, Flink allows systems to evolve incrementally
while maintaining correctness. This capability is particularly
valuable in long-running streaming jobs where restarting from
scratch would be impractical or costly.

Snapshots also enable dynamic scaling, allowing streaming
applications to adjust parallelism in response to changing
workloads or resource availability. During scaling operations,
Flink redistributes state from a snapshot across a new set of
operator instances, ensuring that each partition of state is
assigned consistently. This redistribution is performed
deterministically, preserving event ordering and state integrity.
As a result, applications can elastically scale without violating
exactly-once guarantees, which is essential for handling
bursty traffic patterns in production environments.

[ Soores | ./ Procentn | . Wncow L e On chocipoint

{ | ) \ i! } ¢ i y \ i Saree 5100 1D ChOODOM MY ag0
Gource .. Procesafn o B On taderw
a Restan a¥ected uperanrs

[ Souos .| ProcessFn | Weedow | - Aner restart

Metover dats YOi (HeChDOrE Sharage

Figure 2. Logical Cut-Points and Deterministic Recovery in
Apache Flink

Figure 2 demonstrates how snapshots function as logical cut-
points within the data stream. These cut-points define stable
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recovery boundaries from which the system can
deterministically resume execution. Upon failure, Flink
restores operator state from the latest completed snapshot and
replays input events starting from the recorded source offsets.
Because the restored state and replayed inputs are aligned, re-
computation yields identical results, ensuring that downstream
effects occur exactly once. This deterministic recovery model
forms a cornerstone of Flink’s approach to reliable, stateful
stream processing.

IV. INTEGRATING KAFKA WITH FLINK
FOR END-TO-END EXACTLY-ONCE

Kafka as a Source

When Apache Kafka is used as a source in a Flink streaming
application, exactly-once semantics rely on the precise
coordination between Kafka consumer offsets and Flink’s
checkpointing mechanism. Rather than committing offsets
continuously, Flink treats offset management as part of its
distributed state. During checkpointing, the current offsets of
each Kafka partition are captured together with the operator
state, forming a consistent snapshot of both computation and
input position. This approach ensures that offsets are not
advanced independently of state updates.

Offsets are committed back to Kafka only after a checkpoint
has completed successfully across the entire job graph. If a
failure occurs before checkpoint completion, the offsets
associated with that checkpoint are discarded. Upon recovery,
Flink restores operator state from the most recent completed
snapshot and resumes consumption from the corresponding
offsets. This guarantees that no events are skipped and that
previously processed events are not re-applied in a way that
violates exactly-once semantics.

By embedding offset tracking within the checkpointing
protocol, Flink avoids the classic inconsistency where state is
updated but offsets are committed prematurely, or vice versa.
This tight alignment between state and input position allows
Flink to provide exactly-once processing guarantees even in
the presence of consumer restarts, task failures, or network
partitions. As a result, Kafka sources become a reliable
foundation for deterministic, fault-tolerant stream processing
pipelines.

Kafka as a Sink and Two-Phase Commit

While coordinating input consumption is necessary, exactly-
once semantics cannot be achieved unless output side effects
are also carefully managed. Writing results to Kafka or other
external systems introduces challenges because these systems
maintain their own state and durability mechanisms. If output
is emitted eagerly and a failure occurs before the
corresponding checkpoint completes, downstream systems
may observe duplicated or inconsistent results. Addressing

this problem requires coordination between Flink’s
checkpoint lifecycle and external writes.

Flink solves this challenge using a two-phase commit protocol
for sinks. In the first phase, output records are written to a
temporary or transactional state that is isolated from
consumers. For Kafka sinks, this is achieved using Katka’s
transactional producer API, which allows records to be written
as part of an open transaction. These records remain invisible
to downstream consumers until the transaction is explicitly
committed. In the second phase, once Flink confirms that the
corresponding checkpoint has completed successfully, the
transaction is committed, making the output durable and

visible.

Exactly-once two-phase commit
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Figure 3. Two-Phase Commit with External Systems in
Apache Flink

Figure 3 visualizes this pattern in the context of file systems,
where data is first written to temporary files and later
atomically committed. The same principle applies to Kafka
transactional sinks: output is committed only after Flink
verifies that the checkpoint is durable. If a failure occurs
before commit, the transaction is aborted, and no partial
output is exposed. This integration of two-phase commit with
checkpointing ensures that external side effects occur exactly
once, completing the end-to-end exactly-once guarantee
across Kafka sources, Flink state, and Kafka sinks.

V. KEY STUDIES AND EMPIRICAL
EVIDENCE

Several pre-2019 studies and engineering reports provide
strong empirical and theoretical evidence supporting the
feasibility of exactly-once processing semantics in real-world
streaming systems. Carbone et al. (2017) presented a rigorous
analysis of Apache Flink’s snapshotting algorithm,
demonstrating that consistent state can be maintained even
under high throughput, operator parallelism, and complex
execution graphs containing cycles. Their work showed that
Flink’s  barrier-based  checkpointing  avoids  global
synchronization pauses while still guaranteeing deterministic
recovery, validating that strong correctness properties can
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coexist with scalable performance. This study was
instrumental in establishing Flink as a reliable foundation for
stateful stream processing beyond experimental or low-risk
workloads.

Complementing this work, Kafka’s transactional design
papers and engineering blogs published in 2017 documented
the practical impact of idempotent producers, transactional
writes, and read-committed isolation. These contributions
showed that atomic coordination between message production
and offset commits drastically reduces duplication during
retries and failures, without imposing prohibitive performance
penalties. Benchmarks and production experiences reported
by Kafka engineers indicated that transactional messaging
could be integrated into high-throughput pipelines while
preserving Kafka’s core scalability characteristics. Together,
these findings addressed long-standing concerns that exactly-
once semantics were too costly or complex for large-scale
systems.

In addition to academic and platform-level research, industry
case studies from finance and telecommunications domains
provided practical validation of these approaches.
Organizations deploying Flink and Kafka in production
reported that combining Flink checkpoints with Kafka
transactions  eliminated the need for downstream
reconciliation logic, simplified data pipelines, and reduced
operational complexity. These deployments demonstrated
measurable  improvements in  system  correctness,
maintainability, and recovery behavior under failure scenarios.
Collectively, these studies indicate that exactly-once
semantics are not merely a theoretical ideal but an achievable
and practical property of modern stream processing systems
when supported by careful system design and robust platform
primitives.

VI. TRADE-OFFS AND PRACTICAL
CONSIDERATIONS

Despite its clear advantages, exactly-once processing
semantics introduce a set of trade-offs that must be carefully
managed in production environments. One of the primary
costs is latency overhead, as coordinated checkpointing and
transactional commits require additional synchronization
between operators, state backends, and external systems.
Although these mechanisms are designed to be asynchronous,
they still introduce coordination delays that can increase end-
to-end latency, particularly in pipelines with large state or
complex topologies.

Another significant consideration is operational complexity.
Exactly-once pipelines are sensitive to configuration
parameters such as checkpoint intervals, transaction timeouts,
and failure detection thresholds. Misconfigured timeouts or

long-running transactions can lead to stalled checkpoints,
backpressure propagation, or aborted transactions, effectively
halting data flow. Troubleshooting such issues often requires
deep understanding of both the stream processor and the
underlying messaging system, increasing the operational
burden on engineering teams.

Finally, there is a potential throughput impact associated with
aggressive checkpointing strategies. Frequent checkpoints
increase /O pressure on state backends and coordination
overhead across the cluster, which can reduce peak throughput
under heavy load. Practitioners must therefore balance
checkpoint frequency, state size, and transaction timeout
settings based on application-specific requirements, such as
acceptable latency, failure recovery objectives, and resource
constraints. When tuned appropriately, exactly-once
processing can deliver strong correctness guarantees with
manageable performance trade-offs.

VII. CASE STUDY: END-TO-END EXACTLY-
ONCE STREAM PROCESSING WITH
APACHE KAFKA AND APACHE FLINK

System Context and Requirements

A large-scale event-driven analytics platform was designed to
process continuous streams of user interaction events,
including financial transactions, telemetry updates, and
behavioral signals generated by distributed upstream services.
These events were ingested through Apache Kafka and
processed in near real time to produce aggregated metrics and
derived event streams consumed by multiple downstream
systems. Given the business-critical nature of the data, the
platform required strict correctness guarantees to ensure that
each event influenced system state and external outputs
exactly once, even in the presence of failures, retries, or
partial execution.

Architecture Overview

The stream-processing layer was implemented using Apache
Flink, selected for its native support for stateful computation
and strong consistency semantics. Kafka served as both the
source and sink, enabling seamless integration of ingestion
and output within a unified event-driven architecture. Flink
operators maintained keyed state for aggregations, joins, and
enrichment logic, while Kafka source offsets were
incorporated into Flink’s managed state. Periodic checkpoints
captured consistent snapshots of both operator state and input
positions, forming logical cut-points across the dataflow
graph, as illustrated in Figures 1 and 2.

Snapshot-Based Recovery and Deterministic Reprocessing
During normal operation, Flink asynchronously persisted
checkpoint state without interrupting event processing,
thereby maintaining high throughput. In the event of a failure
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such as a task crash or network partition the system restored
operator state and Kafka source offsets from the most recent
completed snapshot. Event consumption then resumed from
the recorded offsets, ensuring that the replayed inputs were
aligned with the restored state. This deterministic recovery
model guaranteed that re-computation produced results
identical to the original execution, preventing duplicate
updates and preserving exactly-once semantics within the
processing pipeline.

Two-Phase Commit for External Side Effects

To extend exactly-once guarantees beyond internal state and
into external systems, the pipeline employed a two-phase
commit protocol for output sinks. For filesystem-based sinks,
data was first written to temporary files during a pre-commit
phase and atomically committed only after successful
checkpoint completion. Kafka sinks followed an analogous
approach using Kafka’s transactional APIs. Output records
were produced as part of a pending transaction and remained
invisible to downstream consumers until the associated
checkpoint was confirmed durable, as depicted in Figure 3.

If a failure occurred prior to checkpoint completion, the
pending transaction was aborted, and no partial output was
exposed. This integration of Flink’s checkpoint lifecycle with
Kafka’s transactional model ensured that external side effects
were applied atomically and exactly once, eliminating the
need for downstream deduplication logic or compensating
mechanisms.

Failure Scenarios and Observed Outcomes

Fault-injection experiments were conducted to validate the
robustness of the architecture under various failure modes,
including node crashes, broker restarts, and transient network
disruptions. In all scenarios, the system consistently restored
from the latest completed snapshot and resumed processing
without producing duplicate records or inconsistent
aggregates. Even under repeated failures during checkpoint
alignment and transaction commit phases, the pipeline-
maintained correctness by replaying events from stable
recovery points.

Discussion and Implications

This case study demonstrates that the combination of Flink’s
snapshot-based state management and Kafka’s transactional
semantics provides a comprehensive end-to-end exactly-once
processing model. By tightly coupling internal consistency
mechanisms with external side-effect control, the architecture
achieves reliable, scalable, and fault-tolerant stream
processing suitable for mission-critical workloads. The
approach highlights how coordinated checkpointing and
transactional messaging can deliver strong correctness
guarantees while preserving performance and operational
simplicity in distributed streaming systems.

VIII. CONCLUSION

Exactly-once processing semantics represent a critical
advancement in the evolution of modern stream processing
systems, addressing long-standing challenges around
correctness, reliability, and fault tolerance in distributed
environments. By combining Apache Flink’s model of
consistent distributed state snapshots with Apache Kafka’s
transactional messaging capabilities, developers can construct
streaming pipelines that provide strong end-to-end correctness
guarantees. This integration ensures that input events, internal
state transitions, and external outputs progress in a
coordinated and atomic manner. As a result, failures such as
node crashes, network partitions, or process restarts do not
compromise data integrity. The ability to reason formally
about processing outcomes significantly simplifies application
logic. Developers can rely on the platform rather than custom
recovery mechanisms. This shift represents a maturation of
stream processing from best-effort analytics toward
dependable system infrastructure. Exactly-once semantics
thus form the foundation for trustworthy real-time
applications. Their importance continues to grow as streaming
workloads increase in complexity and scale.

The architectures and mechanisms examined in this article
demonstrate that exactly-once semantics are not merely
theoretical constructs but practical guarantees that can be
realized in production systems. Flink’s barrier-based
checkpointing enables consistent snapshots of distributed state
without global pauses, preserving throughput and
responsiveness. Kafka’s transactional producers and read-
committed isolation ensure that message publication and
offset management remain tightly coupled. Together, these
mechanisms eliminate common sources of inconsistency such
as duplicate outputs or partial state updates. Empirical
evidence from pre-2019 research and industry deployments
shows that such systems can operate at scale without
sacrificing performance. When properly configured, they
support high event rates and low latency while maintaining
correctness. This balance is essential for modern data-
intensive applications. The demonstrated feasibility of these
approaches has reshaped expectations for stream processing
platforms. Exactly-once semantics are now a realistic baseline
rather than an exceptional feature.

As streaming systems increasingly underpin real-time
decision-making in regulated and mission-critical domains,
the importance of strong processing guarantees will continue
to grow. Financial transactions, healthcare analytics, and
operational monitoring systems demand deterministic
behavior and auditable outcomes. Exactly-once semantics
provide a clear and enforceable correctness contract that
supports compliance, transparency, and trust. At the same
time, they enable organizations to simplify data pipelines by
eliminating downstream reconciliation and compensating
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logic. Looking forward, advances in state management,
transaction coordination, and resource elasticity will further
reduce the cost of providing strong guarantees. The principles
discussed in this article will remain central to the design of
future streaming architectures. Ultimately, exactly-once
processing will be a cornerstone of reliable, scalable, and
compliant real-time data processing systems.
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