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This study presents a hybrid framework for snapshotting and event replay 

optimization aimed at improving performance and scalability in event-

sourced systems, where state reconstruction frequently experiences 

significant latency due to the replay of extensive event streams. Four 

snapshotting strategies were used to test this method: No Snapshotting, 

Fixed-Interval, Adaptive, and the new Hybrid method. The Adaptive strategy 

used dynamic triggers to make snapshots when an aggregate had more than 

1,000 accesses in a five-minute window, when more than fifteen minutes had 

passed since the last snapshot, or when its event stream had more than 5,000 

events. The Hybrid method used these adaptive triggers along with a fixed 

base interval of 5,000 events. For hot aggregates, the interval was cut in half 

to balance systematic coverage with runtime responsiveness. We built a 

prototype system in Java with Spring Boot and PostgreSQL. We used Kryo 

for snapshot serialization and Kafka to make controlled workloads. We ran 

tests on a 16-core Intel Xeon server to see how well it could handle event 

distributions that were uniform, skewed (Zipfian), or bursty, with anywhere 

from 10,000 to 1,000,000 events. We ran each configuration ten times and 

used 95% confidence intervals to find the average of the results. The results 

show that the Hybrid strategy consistently cut recovery latency, getting it 

down to 40 seconds under burst loads. This is a 58% improvement over 

Fixed-Interval and a 38% improvement over Adaptive. Throughput and 

responsiveness during normal operation were not affected, which is 

important. These results show that Hybrid snapshotting strikes a good 

balance between speed of recovery and storage overhead. This makes it a 

good choice for real-time, event-sourced applications. In the future, we will 

look into automatic tuning of snapshot intervals and adaptive thresholds, as 

well as adding support for distributed deployments and complex event 

schemas. 
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1. INTRODUCTION 

In the age of distributed, highly available, and fault-tolerant systems, event sourcing has become a key 

architectural pattern for making sure that data is consistent, can be traced, and that systems are resilient [1]. 

Event sourcing records every change to an application's state as a series of unchangeable events. This is 

different from traditional CRUD-based persistence models. This method makes it possible to fully audit, makes 

it easier to run time-based queries, and makes debugging easier by letting you rebuild the system state at any 

time [2]. As systems grow and the number of stored events grows, event-sourced architectures' performance 

and scalability become more and more of a problem, especially when it comes to state reconstruction through 

event replay [3]. 

Despite its advantages, prior studies have primarily focused on general performance optimization or 

adjacent domains, leaving a clear research gap: existing snapshotting techniques for event-sourced systems 

often struggle to adapt to diverse workload patterns without incurring excessive storage overhead or recovery 

latency. Given the rise of AI [4]-[6], previous references to areas like natural language processing [7][8] and 

fraud detection [9] offer helpful comparisons for working with sequential data, but they don't directly address 

the specific needs of event replay and snapshotting. This lack of connection shows that there needs to be a 

focused study of snapshotting strategies that are specifically designed for event-sourced architectures. 

One of the main problems with large-scale event-sourced systems is that it costs a lot to replay long event 

streams to get the current state of aggregates [10][11]. Replaying tens or hundreds of thousands of events for 

a single entity can cause a lot of lag when an application starts up, recovers from a crash, or moves from one 

service to another [12]. This latency can make systems less available and responsive, especially in 

environments where latency is low, like real-time financial systems or IoT applications [13]. To fix this, 

snapshotting techniques are often used. These techniques take a picture of an entity's current state and store it 

next to the event log on a regular basis [14]. After recovery, the system can restore the most recent snapshot 

and only play back the events that happened after that, which cuts down on the time it takes to rebuild the 

current state [15]. 

 Traditional snapshotting methods, like fixed-interval snapshotting, don't always work well with changing 

workloads and different access patterns across different aggregates, even though they have some advantages 

[16]-[20]. This limitation has spurred recent developments in predictive analytics for parameter tuning [21], 

heuristic- and ML-driven adaptive snapshotting [22][23], and dynamic checkpointing in stream processing 

frameworks such as Apache Flink and Kafka Streams [24]-[26]. 

Other methods, such as event compaction [31], probabilistic summarization using sketches [32], and 

reinforcement learning-based recovery [33], show that there are more ways to reduce replay latency while 

keeping resource use under control. But none of these methods directly combine the predictability of fixed-

interval snapshotting with the flexibility of workload-aware methods in event-sourced systems. This 

unaddressed gap necessitates the implementation of a hybrid strategy. Consequently, this study directly tackles 

the research gap by introducing a hybrid framework for snapshotting and event replay optimization. The main 

idea is that using both fixed intervals and workload-sensitive strategies will work better than either one alone 

when it comes to recovery time and storage efficiency. 

We test the proposed framework's effectiveness with different event loads and system configurations by 

making a prototype system and running controlled experiments. Recovery time, memory and CPU usage, disk 

space usage, and throughput when multiple users are accessing the system at the same time are all important 

performance indicators. This paper provides both practical guidelines and theoretical insights for improving 

large-scale event-sourced applications by clearly identifying the problem within the constraints of existing 

snapshotting methods. 

 

2. LITERATURE REVIEW 

Event sourcing is an architectural pattern that offers substantial advantages regarding data integrity, 

system auditing, and the capability to reconstruct historical states [37]. But as the number of recorded events 

goes up, the system may not work as well, especially during the replay phase that is needed to rebuild the state 

of aggregates [38]. This issue is especially bad in big applications that handle millions of events, where full 

event replays are expensive and can cause delays. 

Snapshotting has become the main way to fix this problem. It lets systems keep periodic images of the 

aggregate state, which means that fewer events need to be replayed during recovery [40]. However, traditional 

techniques—like fixed-interval snapshotting—do not consider changes in access patterns, update frequencies, 

or overall importance. Consequently, they frequently generate disparities between recovery latency and storage 

overhead [41]. 

The current literature on snapshotting and associated optimization techniques can be categorized into 

three principal research domains. First, static strategies like fixed-interval snapshotting make things 
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predictable, but they don't take into account changes in workload, which can cause problems when aggregates 

have very different access frequencies or update rates. Second, adaptive strategies change the time between 

snapshots based on the workload's access frequency, aggregate size, or time since the last snapshot [44]. Third, 

distributed and consistency-focused methods deal with the difficulties of getting snapshots in multi-node 

environments. For example, Erb, Wiese, and Götz [46] use vector clocks and non-local state extraction to keep 

causal consistency. Most solutions, even though they help, only optimize one thing at a time, like latency or 

consistency. They don't take into account the trade-offs between recovery time, storage cost, and 

implementation complexity. This gap encourages the investigation of hybrid strategies that can amalgamate 

the advantages of both predictability and adaptability. 

Meißner, Saake, and Schill [45] stress the need for early bottleneck detection and performance-driven 

decision-making in performance engineering. These ideas can be used directly to balance replay latency and 

snapshot overhead in event-sourced systems. Xu [48] shows in a similar way that rolling aggregates can lower 

replay costs by keeping incremental computations, which adds to but doesn't replace snapshotting. Müller's 

research on retroactive computing [47] demonstrates the selective replay of historical logs using updated logic 

to recalculate alternative states. Although useful for auditing and fixing mistakes, these retroactive methods 

don't answer the main question of when and how to take snapshots. Research on distributed ledgers [50] 

improves data integrity and tamper-evidence, but it is more concerned with verifiability than with making 

things run faster. These works offer valuable analogies and supplementary mechanisms but are peripheral to 

the particular issue of snapshotting frequency and policy. 

While current research offers significant insights into static, adaptive, and distributed snapshotting, the 

majority predominantly concentrate on the optimization of a singular dimension, such as latency reduction, 

storage minimization, or consistency assurances. What hasn't been studied enough is how to combine these 

strategies in a way that balances competing goals in workloads that are different and change often. This 

limitation underscores the necessity for a hybrid approach that amalgamates the systematic coverage of fixed-

interval snapshotting with the workload sensitivity of adaptive methods, thus providing a more generalizable 

and pragmatically deployable solution for event-sourced systems. 

 

3. METHODOLOGY 

This study employed a structured methodology encompassing the definition of snapshotting strategies, 

the implementation of a prototype system, the generation of synthetic workloads, and the evaluation of key 

performance metrics. Figure 1 illustrates the end-to-end process, including strategy specification, system 

implementation, workload generation, and metric collection. Four snapshotting approaches were implemented 

to enable comparative evaluation. The baseline method, No Snapshotting, reconstructed state exclusively 

through full event replay, providing an upper bound on recovery latency. The Fixed-Interval Snapshotting 

approach captured snapshots after every 𝑁 events, where 𝑁 varied from 100 to 10,000. While this strategy 

ensured predictability, it did not account for variations in workload intensity. 

To address this limitation, Adaptive Snapshotting employed quantifiable dynamic triggers: a snapshot 

was taken if (i) an aggregate received more than 1,000 accesses within a five-minute window, (ii) more than 

fifteen minutes had elapsed since the previous snapshot, or (iii) its event stream had grown by more than 5,000 

events. These thresholds were selected empirically after pilot tests to reflect workload intensities that 

consistently degraded recovery time beyond acceptable limits. 

The proposed Hybrid Snapshotting method combined both paradigms by establishing a fixed base interval 

of 5,000 events, while allowing this interval to be shortened by 50% for “hot” aggregates identified through 

the same adaptive thresholds. 

The prototype system was built in Java with Spring Boot for managing events and coordinating snapshots. 

It used PostgreSQL as the event store. To save space, snapshots were serialized with Kryo, and Apache Kafka 

was used to control and repeat input streams for workload simulations. To lower measurement noise, each 

experiment started with a 30-second warm-up period, JVM garbage collection logs were checked to get rid of 

outliers caused by full GC events, and system caches were cleared between runs. 

The experiments were run on a server with an Intel Xeon Silver 4310 CPU (2.1 GHz, 16 cores) and 2 TB 

of SSD storage, and it was running Ubuntu 22.04 LTS. Synthetic workloads were created to show three 

different types of operational scenarios: uniform event distributions across aggregates, skewed Zipfian 

distributions that focus on hot aggregates, and bursty patterns with sudden spikes in activity. The number of 

events per run could be set to be anywhere from 10,000 to 1,000,000, and the command rates could be changed 

to simulate different throughput levels. Even though synthetic workloads let you control parameters exactly, 

they aren't very representative. Future work will test the model against real-world traces from operational 

systems. 
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We ran each configuration ten times and reported the results as averages with 95% confidence intervals. 

We used one-way ANOVA tests to make sure that the differences we saw between strategies were statistically 

significant (𝑝 <  0.05). 

We looked at performance using important metrics like recovery latency, snapshot frequency, throughput 

under concurrent access, and system responsiveness. This experimental design, which includes algorithmic 

transparency, variable control, and statistical validation, makes it possible to compare the four snapshotting 

strategies in a way that can be repeated. 

 

 
Figure 1. Methodology 

 

4. RESULTS AND DISCUSSION 

This section presents the evaluation outcomes of the proposed hybrid snapshotting and event replay 

optimization framework. The experimental results were obtained through controlled workload simulations 

designed to emulate real-world event distribution patterns in event-sourced systems. Performance metrics such 

as recovery time and storage overhead were measured across four snapshotting strategies: No Snapshotting, 

Fixed-Interval, Adaptive, and Hybrid. The results highlight how each approach performs under uniform, 

skewed, and bursty event loads, enabling a comparative assessment of efficiency and scalability. 

The analysis focuses on whether the Hybrid strategy can effectively balance recovery latency with 

resource consumption, outperforming the baseline and established methods. To strengthen the validity of these 

findings, each configuration was executed in ten independent runs. Reported values in Table 1 represent mean 

recovery times with standard deviations, confirming stability across runs. Storage results exhibited negligible 

variance. One-way ANOVA followed by Tukey’s post-hoc comparisons confirmed that the Hybrid method’s 

improvements over Fixed-Interval and Adaptive were statistically significant (p < 0.01) across all workloads. 

Table 1 summarizes the comparative performance. On average, the Hybrid strategy achieved recovery times 

of 50 ± 2.1 seconds under uniform loads, 45 ± 1.8 seconds under skewed loads, and 40 ± 1.5 seconds under 

bursty loads. Expressed as relative improvements. 

Figure 2 reinforces these findings by visually representing the recovery time for each strategy under the 

same workloads. The No Snapshotting baseline exhibits the highest delays due to the necessity of replaying 

the entire event stream, which can become increasingly costly as the number of events grows. Fixed-Interval 

snapshotting reduces this latency but does not adapt to workload dynamics, leading to suboptimal performance, 

especially in skewed and bursty cases. Adaptive Snapshotting improves recovery performance further by 

prioritizing hot aggregates and dynamically adjusting to workload patterns. However, it is the Hybrid strategy 

that consistently delivers the lowest recovery times by leveraging both regularity and adaptivity in snapshotting 

frequency. 

Figure 3 presents the storage overhead associated with each strategy. As expected, No Snapshotting incurs 

no storage cost but at the expense of recovery speed. Fixed-Interval Snapshotting imposes the highest overhead 

due to frequent snapshot creation, regardless of workload necessity. Adaptive Snapshotting minimizes 

unnecessary storage use by targeting snapshot creation more strategically. The Hybrid strategy, while not the 
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most storage-efficient, strikes a practical balance: it consumes slightly more space than Adaptive but 

significantly less than Fixed-Interval, justifying the trade-off through its superior performance in state 

reconstruction. 

The Hybrid strategy's better performance backs up the idea that combining fixed-interval predictability 

with adaptive responsiveness leads to faster recovery than either method on its own. This finding is consistent 

with earlier studies that highlight the significance of performance-aware snapshotting in distributed settings 

[27]. The efficiency gains, for example, are similar to the causally consistent snapshotting methods talked about 

in [28], where strategic state capture cut down on replay overheads. In the same way, Hybrid's use of runtime 

access patterns is similar to the retroactive computing ideas in [29], where historical data helps with smarter 

state restoration. The Hybrid strategy lowers replay costs while keeping lineage by keeping partial state, which 

is similar to rolling aggregates [30]. Also, its dependence on systematic snapshot integrity is in line with the 

verifiable storage principles discussed in [31], which makes sure that recovery is correct. 

One drawback of the Hybrid method is that it uses a little more storage than Adaptive (for example, 115 

MB instead of 90 MB when there are bursts of activity). This extra work is needed because Hybrid requires 

both periodic snapshots and adaptive triggers. This can mean that hot aggregates need more snapshots. But this 

trade-off is clearly managed: the storage overhead was still much lower than Fixed-Interval (160–180 MB) 

while the recovery time was faster. So, Hybrid is okay with paying a little more for storage in exchange for 

recovery latency that is always low and predictable. 

The results show that Hybrid snapshotting not only greatly improves recovery performance but also works 

well with ideas from earlier work on efficient state management. It shows a strong balance between 

responsiveness and resource use by dynamically adjusting the frequency of snapshots to match the workload 

while keeping systematic coverage. 

 
Table 1. Performance Comparison Across Snapshotting Strategies 

Strategy 

Uniform 

Recovery Time 

(s) 

Skewed 

Recovery Time 

(s) 

Burst Recovery 

Time (s) 

Uniform 

Storage (MB) 

Skewed 

Storage (MB) 

Burst 

Storage 

(MB) 

No 

snapshotting 
120 ± 3.5 140 ± 4.1 160 ± 5.0 0 0 0 

Fixed interval 80 ± 2.8 90 ± 2.5 95 ± 3.2 150 180 160 

Adaptive 70 ± 2.6 60 ± 2.0 65 ± 2.4 100 110 90 

Hybrid 50 ± 2.1 45 ± 1.8 40 ± 1.5 120 130 115 
 

 
Figure 2. Recovery time across snapshotting strategies 
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Figure 3. Storage overhead across snapshotting strategies 

 

5. CONCLUSION 

This study examined hybrid snapshotting as a method for reconciling fixed-interval regularity with 

adaptive responsiveness in event-sourced systems. In synthetic workload scenarios, the Hybrid strategy 

consistently achieved lower recovery times than both Fixed-Interval and Adaptive methods, while maintaining 

a moderate storage footprint. These improvements, however, meant that the storage overhead was slightly 

higher than with purely adaptive strategies, which shows the trade-off between speed of recovery and use of 

resources. The results are promising, but they should be taken with a grain of salt. The test was done on a 

prototype system with fake workloads that could handle up to one million events. In real-world deployments, 

there is often a lot more data, different types of hardware, and failure scenarios like losing part of a snapshot 

or splitting the network, which this study did not cover. As a result, assertions regarding scalability and 

robustness are still in the early stages and need more testing. The framework will be expanded in three ways 

in future work. First, hybrid parameters like snapshot intervals, adaptive thresholds, and storage budgets will 

be automatically tuned using methods like reinforcement learning or Bayesian optimization. This will be based 

on metrics like recovery latency distribution and storage-to-latency ratios. Second, the framework will be 

connected to distributed storage backends like Apache Cassandra, Kafka, or Amazon S3. When doing this, it 

will be important to think about consistency models (like eventual vs. causal) to make sure that the guarantees 

of correctness are met. Finally, large-scale tests with more than 100 million events, using both synthetic and 

real-world traces, will be done to make sure that the system is stable and scalable over time in conditions that 

are similar to those in production. This study recognizes the limitations of hybrid snapshotting and delineates 

specific subsequent actions, positioning it not as a conclusive remedy, but as a viable approach for mitigating 

recovery latency in event-sourced systems while maintaining consistent resource utilization. 
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