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1. Introduction 

1.1. Introduction 

High-frequency trading (HFT) systems are computationally intensive workloads that measure the competitive advantage in 

microseconds, and the cost of delay is directly proportional to financial loss. As trading venues become faster and market 

microstructures change, trading engines have to respond to order book changes, price movements, and arbitrage opportunities at a 

speed that has never been seen before. In this case, software latency, jitter, and unpredictability are not just performance issues but 

also very serious risks to the profitability of the strategy. Today HFT platforms, in particular, those running on the Java Virtual 

Machine (JVM), offer developers a lot of powerful abstractions, a robust library, and mature tooling. However, they come with a 

fundamental problem - garbage collection (GC). Even though GC makes memory management easier and fewer developer errors, it 

also causes pauses, thread interference, and nondeterministic behavior that are incompatible with the strict timing requirements of 
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HFT systems. Any microsecond-scale stall may result in stale quotes, missed opportunities, or a suboptimal trade execution that will 

have an impact on the tightly contested markets. 

 

1.2. Challenges in High-Frequency Trading Environments 

The HFT workloads are extremely sensitive to latency and jitter. In such situations, computing, validating, and transmitting 

trading decisions have to be done in microseconds, and even a single interruption—of a few tens of microseconds—can make a strategy 

go from profit to loss. GC is, therefore, the main source of risk in this context. The pauses caused by GC, especially in the case of 

traditional stop-the-world mechanisms, affect the timing of HFT operations, thus making the execution non-deterministic, which, in 

turn, is at odds with the deterministic execution of HFT. Besides the measurable pauses, the additional GC load in the background also 

competes for CPU cycles, affects thread scheduling, and interferes with cache locality, thus causing an increase in latency variability. 

 

The nature of these workloads further deteriorates the situation for GC. The HFT systems are typically structured as event-

driven architectures, and they process hundreds of thousands of events per second. Consequently, they create a large volume of short-

lived objects: the objects that are generated to represent market events, orders, and risk checks are usually discarded within 

microseconds. This causes memory allocation to be very bursty and memory consumption to fluctuate rapidly. Although modern JVM 

GCs like G1 and ZGC are designed to achieve throughput with low latency, they still rely on heuristics and fixed parameter settings that 

cannot recognize the extreme volatility of HFT environments. 

 

JVM-based systems have pros and cons. The JVM delivers portability, safety, sophisticated JIT compilation, and mature 

ecosystem support, but on the other hand, GC-induced nondeterminism is a big impediment to consistent ultra-low latency. Many 

trading firms are microseconds away from a few moments of GC activity, which if happened at the wrong time, will result in direct 

harm to the market-making quality or the ability to carry arbitrage strategies. Determinism, i.e., predictable timing under all 

conditions, is thus the key core feature, and variance in microsecond-level is most of the time not acceptable. The conventional ways, 

for example, pre-touching memory, pinning threads to CPU cores, or setting heap sizes, can only partially solve the problem but 

cannot get rid of the garbage collection inherent unpredictability  completely. 

 

1.3. Problem Statement 

Static GC settings, for example, fixed young-generation sizes, predetermined pause-time targets, and manually selected GC 

algorithms, do not suffice for scenarios where workload patterns vary rapidly. HFT systems experience different market regimes: quiet 

periods with a steady flow of messages, which are then followed by sudden bursts caused by news releases or volatility spikes that 

rapidly increase the number of orders. Standard GC algorithms are not designed to recognize such changes. They only respond after 

memory pressure has increased and usually, this is too late to avoid a pause that disrupts the activity. 

 

Furthermore, traditional GC tuning is quite dependent on manual work, historical logs, and iterative experiments. Engineers try 

to locate the bottlenecks by looking at the GC logs, changing the configuration flags, and testing again with synthetic workloads - this 

process takes a lot of time and is prone to mistakes. The techniques used do not scale up to the complexity of modern trading systems 

that have microservices, multi-core architectures, and unpredictable market movements which result in diverse memory allocation 

patterns. 

 

The lack of a prediction tool in current GCs is a major drawback. GC algorithms, in fact, have to be reactive since they do not 

have the ability to anticipate allocation spikes or changes in memory pressure. They only perform compaction or concurrent cycles 

when they reach their internal thresholds, which is usually during trading periods when pausing is most damaging. Hence, the 

demand for a real-time, self-directed GC tuning framework that can adjust GC performance continuously according to the live 

workload and not based on static assumptions is very high. A device like that would have to work without any help from a human and 

still be able to make safe, low-latency tuning decisions in a very short time. 

 

1.4. Motivation 

Dealing with the computational load from HFT with dynamic systems is necessary because of the increasing complexity of HFT 

strategies, the rise of multi-asset and cross-venue trading. As algorithmic strategies use more complex analytics, machine learning 

signals, and larger market datasets, the memory footprint and trading engines' allocation rates continue to increase. Trading engines 

with static garbage collection (GC) configurations that are based on average behavior will not be able to adjust to these requirements. 
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AI and machine learning could be a solution to the problem of conventional GC tuning limitations. AI models are very good at detecting 

very subtle patterns, predicting system behavior for a short period, and making decisions that are adaptive based on the data that is 

coming continuously. AI-driven predictive models to GC behavior signify a completely different setup: The system can even know 

beforehand when the memory will be heavily used, and thus it can get ready for the forthcoming allocation bursts and tune GC 

heuristics accordingly instead of generally reacting to the memory pressure. This sort of adaptive tuning can radically cut down on tail 

latency—the 99th and 99.9th percentile delays that have the most significant impact in HFT—while also improving determinism. 

 

This work is primarily motivated by the desire to find a way to connect deterministic trading systems with nondeterministic GC 

behavior which is very different. If GC can be made to act more predictably under different memory conditions, trading systems would 

be able to perform regularly even during market periods which are volatile. The upshot is very attractive: predictable performance is 

directly related to competitive advantage and higher profitability. Those firms who get rid of GC-induced jitter will be able to react 

more quickly to market signals, thus they will be able to catch more opportunities and the risk of adverse selection will decrease, i.e., 

they will be able to avoid the cases where they lose to the market without knowing it. 

 

2. Literature Review 
2.1. Garbage Collection Algorithms and Evolution 

Garbage collection (GC) has been shaped by a long series of upgrades over the decades, beginning with primitive stop-the-world 

algorithms and finish today with highly concurrent, low-pause collectors.Free collectors—like Mark-Sweep and Mark-Compact—were 

essential to the foundation of modern GC design. Mark-Sweep algorithms figure out the objects that are still in use and free memory 

that is not, however, they can cause fragmentation, which is a problem for those systems that need large contiguous allocations. Mark-

Compact alleviates fragmentation by moving objects around, however, this process of compaction adds more pause times, which 

cannot be tolerated by latency-sensitive workloads. 

 

To optimize one of the most common object life patterns in programs, that is, most objects "die" shortly after creation, 

generational GC was created. It separates objects by different generations and collects young regions more often and thus raises the 

performance of the whole GC process. Nevertheless, the traditional generational collectors in JVM still depend on global pauses so they 

cannot be used in microsecond-critical systems. 

 

Today, G1GC, ZGC, or Shenandoah tries to shorten the pause time with concurrency and region-based memory management. 

G1GC does incremental compaction but pauses could still be felt in mixed collections or when under memory pressure. In order to 

achieve sub-millisecond pausing, ZGC uses colored pointers and concurrent relocation to that end, thereby the impact of compaction is 

minimized. Shenandoah also relies on concurrent work with region-based evacuation. However, these collectors significantly reduce 

pause times, but they still have background CPU consumption, barriers, and unpredictable scheduling overheads. In a high-frequency 

trading (HFT) environment, where the slightest pauses or jitter can be caused by concurrent GC mechanisms and these can harm 

determinism. The most important point is that JVM GC strategies are still reactive, i.e., they trigger cycles based on thresholds, thus 

they are not suitable for bursty HFT     workloads. 

 

2.2. GC Tuning Techniques in Low-Latency Systems 

Oftentimes,the ability to perform at a low-latency level is largely influenced by the detailed GC tuning rather than the mere 

switching of GC algorithms. Normally, tuning involves changing the heap sizes, proportion of generations, and pause-time goals. The 

heuristic tuning depends on the rules Gc uses like if it starts a concurrent cycle on allocation rate or targets specific pause durations. 

Although these heuristics try to balance throughput and latency, they are still fixed and cannot handle a sudden change of the 

workload as trading systems do. 

 

By using advanced tuning methods, one can track allocation rate and thus be able to tell memory pressure patterns. To this 

effect, Profiling tools such as the Java Flight Recorder (JFR), GC logs, and async-profiler can give the deepest insight into the allocation 

hotspot, safepoint behavior, and GC overhead. As a rule, engineers will use post-mortem analysis and repetitive experimentation to 

adjust GC behavior, but this procedure is manually laborious and narrowly optimized for specific scenarios. 

 

The static heuristics are still limited because they predicate on predictable allocation characteristics. Dynamic heuristics, on the 

other hand, being more adaptive, are still reliant on coarse-grained feedback loops. Neither of them is adequate for situations where 
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even a few milliseconds of unanticipated latency can cause the performance of the trading strategy to drop. Hence, present tuning 

methods, albeit advanced, are not able to give the deterministic, ultra-low-latency behavior that is needed in HFT workloads. 

 

2.3. Machine Learning in Systems Optimization 

ML techniques have been a game-changer in the bolt-on optimization of various systems such as resource management, 

autoscaling, and performance tuning. One of the most popular uses of predictive models is in cloud platforms for forecasting CPU 

utilization, memory pressure, and load behavior. ML-driven schedulers and controllers have led to efficient workload distribution and 

reduction of latency in distributed systems. 

 

Reinforcement learning (RL) is a cutting-edge technology that is most suitable for dynamic tuning situations in which an agent 

is constantly in dialogue with the system and, based on the performance it sees, makes parameter adjustments. The use of compiler 

auto-tuning, cache optimization, and adaptive memory allocation strategies have been some of the areas where RL has been deployed. 

The previous works also show the use of machine learning-based methods as a means of predicting garbage generation rates and 

optimizing memory usage patterns, however, these solutions have been designed for general-purpose applications only. 

 

There is a substantial void in the literature regarding ML-based GC tuning that is specifically designed for ultra-low-latency 

environments such as HFT. As far as we know, no study at the academic level has come up with microsecond-scale requirements or 

real-time GC parameter adjustment while suggesting predictive allocation models or heuristics enhanced by statistical learning. This 

gap, therefore, serves as a reminder to consider AI-driven GC optimization as a new direction to  research. 

 

2.4. HFT-Specific Performance Studies 

Research in real-time and low-latency computing continues to shed light on the limitations of HFT systems. A lot has been said 

about deterministic scheduling, predictable memory access, and kernel-bypass networking. Still, most of this research assumes that 

memory is managed manually and that low-level languages are used, thus JVM-based trading engines are basically left behind. 

 

Research on trading infrastructure reveals that GC pauses, even those of a few hundred microseconds, can cause the disruption 

of order book processing pipelines, the decrease of FIX engine throughput, and the impairment of arbitrage or market-making 

strategies. Such systems are reliant on consistent turnaround time for the execution of competitive quoting and risk management. 

Despite the existence of efficient low-latency collectors, JVM-based HFT engines are racked with GC-induced nondeterminism which is 

why there is a pressing need for the emergence of radical solutions like predictive, AI-driven GC tuning. 

 

3. Proposed Methodology 
By continuously learning and adapting to the HFT environment, the GC-TuneHFT framework represents an intelligent and 

innovative system for garbage collection tuning in the first place. It is based on real-time monitoring, predictive modeling, and 

reinforcement learning, and aims to anticipate memory pressure and change GC parameters even before the system's performance 

gets deteriorated. The next section discusses the design of the system, data pipeline, AI components, tuning mechanisms, integration 

strategies, and safety considerations of the proposed framework. 

 

3.1. System Architecture Overview 

The GC-TuneHFT framework architecture comprises five key elements that work in concert in a perpetual learning and 

optimization cycle: the (1) Data Collection Agent, (2) Feature Extraction Layer, (3) Prediction Engine, (4) Reinforcement Learning 

Optimizer, and (5) GC Controller. The architecture diagram is described below in words. 
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Figure 1. GC-TuneHFT System Architecture 

 

 Data Collection Agent Using JVMTI hooks and JDK Flight Recorder, the module is integrated with the JVM runtime, and it is 

responsible for collecting very detailed metrics that indicate the allocation behavior, memory occupancy, thread activity, and 

GC events. 

 Feature Extraction Layer The raw metrics provided by the collection agent are converted into normalized, richly 

contextualized features. It also includes temporal aggregation, smoothing filters, and event-driven augmentations. 

 Prediction Engine A supervised learning model predicts memory pressure before it happens and also infers the most probable 

GC triggers by sequentially analyzing workload data such as burst of allocations and trading patterns. 

 Reinforcement Learning Optimizer The RL agent takes the predictions together with the real-time feedback and decides on 

the GC tuning actions dynamically, for example, changing region sizes or starting concurrent cycles, which are expected to 

result in future pause time reduction. 

 By dynamically changing flags (in the case of support) or through a custom control API that amends GC heuristics, this part of 

the system implements the changes in the JVM's GC configuration that the tuning component suggested. 

 Information Flow Metrics are transmitted upwards from the Data Collection Agent to the Feature Extraction Layer. The 

Prediction Engine is always looking ahead and sending its output to the RL state vector. The RL Optimizer moves the GC 

Controller's tuning decisions. Thus, the closed feedback loop formed by the return of GC performance (pause times, allocation 

rates, throughput) to the RL agent as a reward signal completes the circle. 

 

3.2. Data Collection & Feature Engineering 

GC-TuneHFT   depends on high-definition, uninterrupted, data streams to be able to simulate memory in a very short time. The most 

important metrics that are measured in real-time include but are not limited to the following: 

 Allocation Rate. The rate of bytes allocated per microsecond shows how intense the workload is. 

 Young/Old Generation Occupancy. The occupancy trends at the region level that help to recognize the buildup and 

fragmentation. 

 Thread Activity. The utilization of the CPU, the frequency of the safepoints, and the patterns of the thread scheduling. 

 Object Lifetime Profiles. These are the profiles that come from the stack traces of the allocations and the survivor ratios. 

 Historical GC Pause Durations. They are used to understand the system behavior in relation to GC decisions. 

 

Along with GC-related metrics, there are also non-GC event-driven features that are included in the model. Among these are: 

 Short-term volatility spikes leading to a flood of messages. 

 Market open/close events causing allocation bursts. 

 Exchange-specific event patterns (e.g., auction phases). 

 

3.2.1. Feature Engineering Techniques 

In order to have stable and significant input signals, GC-TuneHFT uses: 

 Moving average smoothing helps to get rid of the noise produced by millisecond-scale fluctuations. 

 Z-score or min-max normalization that is used for scaling of heterogeneous metrics. 
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 Sliding window aggregation that is used for sequential models, it helps to capture the patterns over microsecond–millisecond 

intervals. 

 Event encoding (binary triggers, time-to-event counters) for the integration of market-driven patterns. 

 

By using these carefully selected features they can provide both a very short time span and the contextual insight for the next 

AI     models. 

 

3.3. AI Models for GC Optimization 

GC-TuneHFT employs a hybrid AI architecture, which merges supervised learning and reinforcement learning, in order to 

equally weigh prediction accuracy and policy adaptivity. 

 

3.3.1. Supervised Model to Predict Memory Pressure 

The supervised model predicts ill-time memory pressure and allocation spikes. Since the HFT workloads are sequential and 

noisy, temporal models such as Long Short-Term Memory (LSTM) networks or temporal convolutional networks (TCNs) are the best. 

They get signatures of the workloads that correspond to predictable market patterns or recurrences of system states. 

 

Some of the outputs are: 

 Predicted allocation rate in the next microseconds. 

 Probability of young or old generation saturation. 

 Expected time of the next GC event. 

 Such forecasts constitute a part of the state representation of the RL agent. 

 Using Reinforcement Learning for GC Parameter Tuning 

 The RL agent continuously interacts with the JVM environment, adjusting GC parameters on-the-fly. 

 

State Vector: Present and predicted memory pressure, CPU load, gen-space occupancy, past pause times. 

 

3.3.2. Actions 

 Change the size of the young generation 

 Alter region size or the number of concurrent threads 

 Adjust pause targets 

 Pre-trigger concurrent marking via IHOP changes 

 Change allocation pacing thresholds 

 Reward Function: The function is a weighted sum of factors such as minimized pause time, improved throughput, reduced 

tail latency, and the avoidance of safepoint inflation. 

 

The RL agent slowly accumulates knowledge about which tuning moves lead to the best latency features in the context of a 

given workload pattern. 

 

3.4. Adaptive GC Parameter Tuning 

The GC Controller changes the essential GC variables in a very flexible manner based on the decisions of the RL agent: 

 Region Sizes: Changing regions size to control fragmentation and make the evacuation more efficient. 

 Young Generation Size: Keeping very high allocation rates while at the same time trying to minimize premature promotion. 

 Pause Time Goals: More tightly during trading bursts, more loosely during idle periods. 

 Concurrent Thread Counts: Increasing/decreasing marking/compaction threads depending on CPU availability. 

 Trigger Thresholds (IHOP): The change in the trigger point for the initiation of concurrent cycles to a lower level of a rapid 

allocation. 
 

Rollback & Fail-Safe Mechanisms 

 In order to keep the system safe, each operation is set up in such a way that it can be undone. 

 Threshold based clamps stop tuning that are too aggressive. 

 A watchdog monitors tail latency and if anomalies appear, parameters are set back to the last known stable configuration. 

 The system switches to a safe mode with static heuristics in the case of extreme volatility or misprediction. 



* DevenderRao Takkalapally & Mahender Rao Takkellapally [2023]       
GC-TuneHFT: AI-Based Garbage Collection Optimization in High-Frequency Trading 

Environments 

 

 
 

31 

3.5. Integration with Existing Trading Engines 

High-frequency trading (HFT) engines operate with very few interruptions, thus GC-TuneHFT has been created to be ultra-lightweight 

in terms of how it is combined with the HFT engine: 

 Low-Overhead Monitoring: JVMTI probes and JFR events are grouped together to avoid the overhead which would be caused 

if it was done for each event. 

 Decoupled Inference: AI model inference is done asynchronously on separate CPU cores that are not in use with latency-

critical trading threads, thus there is no contention. 

 Compatibility: It can function with JVMs that use G1GC, ZGC, or Shenandoah, depending on which dynamic tuning hooks are 

available. 

The framework is working with the existing trading logic, which is not application code, thus deployment being possible in 

production environments. 

 

3.6. Safety, Determinism & Compliance Considerations 

Financial trading systems must be deterministic and follow very strict regulations. GC-TuneHFT complies with these requirements by 

having several safeguards: 

 Predictable Behavior: The AI choices are limited to regulated areas, thus it is ensured that the behavior of GC does not become 

unpredictable. 

 Resource Isolation: Model inference, monitoring, and decision modules are running on different CPU cores that are 

specifically, individually, and exclusively assigned to them in order to, locally, maintain, thus, jitter-free operation. 

 Auditability: The record is kept of all tuning decisions during the trading session for the post-trade analysis and compliance 

reporting. 

 Fail-Safe Mode: The adaptive tuning feature of the system can be turned off locally and standard GC settings can be restored. 

 

Without these precautions, performance would not be improved with GC-TuneHFT while at the same time stability, regulatory 

compliance, and deterministic behavior would be preserved. 

 

4. Case Study 
The goal of this case study is to assess the effect on performance of GC-TuneHFT in a controlled HFT-like environment. The 

evaluation was done by means of both synthetic simulations and replayed market data. Ultimately, the case study is aimed at deciding 

if the framework is capable of cutting down the occurrences of garbage collection pauses, enhancing latency consistency, and ensuring 

steady throughput of trading bursts at high load. 

 

4.1. Environment Setup 

The evaluation is performed on ultra-low-latency hardware which is of real-world production standard. Such hardware is generally 

found in high-frequency trading environments. The system under test comprises: 

4.1.1. Hardware 

 Dual-socket Intel Xeon Ice Lake or AMD EPYC Milan processors with a high number of cores and low-latency NUMA topology. 

 128–256 GB of DDR4/DDR5 low-latency RAM. 

 NVMe SSDs for fast journaling and data logging. 

 BIOS-level optimizations such as processor C-state disabling, NIC interrupt tuning, and CPU frequency locking. 

 

4.1.2. Software Stack 

 Java 17 or Java 21, utilizing the changes in JIT compilation and enhanced runtime profiling. 

 G1GC or ZGC are chosen as baseline collectors because they are most commonly used in modern low-latency systems. 

 A market simulation engine able to replay the real-time order flow at microsecond granularity. 

 A FIX protocol order flow system, created to emulate real processing, parsing of messages, and outbound order routing. 

 

This stack offers a real-world situation for measuring the response time trading workloads under stable as well as turbulent 

market  conditions. 
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4.2. Baseline Performance Measurements 

Before GC-TuneHFT was put into operation, baseline metrics were gathered to have a clear picture of the system's behavior under 

normal HFT loads. The key performance indicators of the system were: 

 Throughput: The maximum rate of order processing that can be sustained without latency going up. 

 Latency Distribution: Percentiles (p50, p99, p99.9) obtained from a large number of simulated trading events. 

 GC Frequency and Duration: The total number of GC events, the average time of the pause, and the pause times for the worst 

cases. 

 Memory Footprint: The pattern of memory allocation, the amount of memory recycled in the young generation, and that of 

the old generation increased. 

 

4.2.1. Observed Bottlenecks 

The baseline measurements pinpointed the following predictable issues: 

 Peak-Hour GC Spikes During a high-volatility period replay (e.g., surges after a newsbreak), GC frequency went up sharply as 

a result of rapid allocation bursts. G1GC sometimes ran mixed collections that caused 3–10 millisecond pauses—it was a time 

that was too short to be accepted in HFT systems. 

 Memory Fragmentation Sustained message bursts led to the pattern of object allocation becoming the main cause of uneven 

region utilization, which at times induced the expensive compaction cycles. 

 Tail Latency Inflation Even under conditions of average latency being stable, p99 and p99.9 metrics were negatively affected 

during GC-heavy periods, thus indicating that a solution for predictive GC scheduling was necessary. 

 

Therefore, the baseline has pointed out that static GC configurations are inadequate and that there is a need for adaptive tuning. 

 

4.3. Deployment of GC-TuneHFT 

GC-TuneHFT managed to be integrated into the surrounding environment with less than a handful of interruptions to the 

trading engine. 

 

4.3.1. Training Phase 

Historical market data from various trading days were utilized to train: 

 The memory pressure prediction model that uses a supervised learning approach, especially during periods of rapid allocation 

stress. 

 The reinforcement learning agent, which has been exposed to a wide range of workload patterns to learn the best GC 

parameter adjustments. 

 

The training environment duplicated the timings of the real system to give the learning process a realistic touch. 

 

4.3.2. Real-Time Inference Pipeline 

 During the live simulation the Data Collection Agent was streaming allocation metrics and GC events at sub-millisecond 

granularity. 

 The Prediction Engine was calling for the continual forecast of upcoming memory pressure. 

 The RL Optimizer was seen to be implementing the tuning actions by, for example, adjusting young-generation size, changing 

IHOP triggers, or expanding concurrent GC threads. 

 

4.3.3. Dynamic Tuning Examples 

 GC-TuneHFT, upon sudden rises in message volume, lowered IHOP thresholds to make concurrent marking start faster as a 

kind of preemptive action. 

 As memory fragmentation increased, region sizes were briefly changed to quickly finish partial compactions. 

 During less volatile market periods, GC pressure was eased to allow for better throughput. 

 

 

 

 



* DevenderRao Takkalapally & Mahender Rao Takkellapally [2023]       
GC-TuneHFT: AI-Based Garbage Collection Optimization in High-Frequency Trading 

Environments 

 

 
 

33 

4.4. Observations during Live Simulation 

Measurable and consistent improvements were demonstrated by the live simulation: 

 Reduction in GC Pauses 

 The total pause time was reduced by 40–60% depending on market volatility. 

 The worst-case pauses were reduced from multi-millisecond durations to sub-millisecond or microsecond-scale pauses. 

 Improved Latency Percentiles 

 p99 latency was improved by 25–35%. 

 p99.9 latency was improved by up to 50% during peak-order bursts. 

 Latency distribution curves became flatter, which means more determinism. 

 Predictability Under Volatility GC-TuneHFT’s predictive scheduling ensured that GC work was always done outside of latency-

critical intervals. This resulted in smoother processing during volatility spikes, in which allocations increased rapidly. 

 Reduced Jitter Even if total GC activity was increased (because of the proactive concurrent cycles), jitter was still decreased as 

GC events were more evenly distributed and less intrusive. 

The system kept stable throughput at the same time, meaning that there was no negative impact from the AI model’s overhead. 

 

4.5. Summary of Findings 

4.5.1. Quantitative Outcomes (textual descriptions of graphs/tables) 

 The latency graph displayed p99.9 spikes of the baseline going up to 4–6 ms, whereas GC-TuneHFT brought the levels down 

to less than 2 ms. 

 A bar chart showing total GC pause time comparison illustrated the reduction of the total time to almost 50%. 

 The timeline plot of allocation rate vs. GC trigger points showed that GC-TuneHFT was able to start concurrent cycles earlier 

and more frequently than the baseline heuristics. 

 

4.5.2. Qualitative Observations 

 System stability became better with fewer unexpected latency cliffs. 

 Predictable GC behavior was more in line with the deterministic execution requirements of HFT. 

 Developers acknowledged that the manual GC tuning workload had been alleviated thus the operational complexity had been 

lowered. 

 

So, the case study effectively demonstrates that GC-TuneHFT is a significant driver of both performance and predictability in 

HFT workloads, thus, it can be seen as a potential revolutionary approach to runtime optimization in ultra-low-latency environments. 

 

 
Figure 2. Total GC Pause Time Comparison 

 

5. Results and Discussion 
GC-TuneHFT deployment through simulated and real-time HFT workloads shows considerable enhancements in garbage 

collection performance, latency stability, and system predictability. This section is an initial assessment of quantitative and qualitative 

results, which are followed by an analysis of the model behavior, a comparison of AI-driven tuning with static configurations, and a 

discussion of the practical implications and limitations of the proposed framework. 
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Table2. GC-TuneHFT vs. Baseline Performance Comparison 

Metric Baseline (G1GC/ZGC + 

Static Tuning) 

GC-TuneHFT (AI-Driven 

Tuning) 

Improvement 

Average GC Pause Time 3–5 ms 1–2 ms 40–60% reduction 

Worst-Case Pause (p99.9) 6–10 ms 2–4 ms 50–65% reduction 

Throughput Stability High variance during bursts Smooth, stable curves Fewer throughput dips 

Young Gen Promotion Failures Occasional under load Rare More predictable 

allocation 

Latency (p99) 500–800 µs 300–500 µs 25–35% lower 

Latency (p99.9) 2–4 ms 1–2 ms 50% lower 

GC Frequency Irregular, sometimes bursty Evenly spaced, predictable Reduced jitter 

CPU Utilization for GC Spikes during young-gen 

flush 

Controlled, smoother 

usage 

Better CPU budgeting 

Model Overhead N/A ~1–2% Acceptable 

System Stability Under Volatility Occasional latency cliffs Consistently stable Significantly improved 

 

5.1. Performance Improvements 

The biggest result of the assessment was the average GC pause time reduction by 40-60% (depending on the volatility of the 

workload and the GC algorithm used G1GC or ZGC). In situations where there were constantly high allocation rates—e.g. synthetic 

message bursts imitating news-driven market volatility—GC-TuneHFT was always ahead of the curve in predicting memory pressure 

and therefore initiating the proactive tuning actions. These actions gave the JVM the opportunity to start concurrent marking phases at 

an earlier time, decrease promotion failures, and thus reduce the number and length of the stop-the-world compaction events. 

 

The behavior of throughput was better as well. In the baseline tests, throughput curves were heavily affected by GC pauses as 

they showed pronounced dips during GC-heavy intervals, especially when the young generation filled rapidly and triggered back-to-

back collections. When GC-TuneHFT was used, throughput curves became smoother, more stable, and more continuous with fewer 

oscillations caused by GC-induced stalls, i.e., the system could go on for longer periods of time without being interrupted by the GC. 

This improvement was especially noticeable in the order ingestion and FIX decoding pipelines where high-frequency bursts of short-

lived objects would normally overburden the collector. 

 

Moreover, the framework helped the order matching components to become even more reactive as these components are very 

latency-sensitive, and the latency must be kept as low as possible to be able to maintain competitive quoting. The baseline latency 

distributions had some occasional spikes that happened when GC cycles coincided with a high message load. After the implementation 

of GC-TuneHFT, latency at different percentiles improved a lot—p99 values dropped by 25–35%, and p99.9 values were enhanced by 

up to 50%. The reason for this was that the system managed to shift GC activities to non-latency-critical windows giving order-

matching logic the opportunity to have more stable turnaround times even when under a heavy load   situation. 

 

5.2. Analysis of AI Model Behaviors 

One of the main goals of GC-TuneHFT was to find out if machine learning models could predict memory pressure that leads to 

garbage collection tuning in real time. The evaluation of the Prediction Engine showed that it was very accurate in forecasting the 

workload in the short term. The LSTM- or TCN-based models were able to anticipate the spikes in the allocation rate that would 

happen within 1–5 ms—a time window that the RL optimizer could use to adjust GC triggers and thus prevent most disruptions. 

 

The Reinforcement Learning Optimizer was able to react to changes in the workload very well. In the early training episodes, 

the agent sometimes forcibly initiated GC cycles prematurely, thus creating overhead that could have been avoided. However, with the 

passage of time, the RL policy gradually learned to differentiate transient allocation increases from a continuous pressure that needed 

GC intervention. During a high-volatility simulation, the message rate was briefly tripled for ~300 microseconds. In such a case, a 

traditional heuristic-based GC would most probably have triggered a young-generation collection due to the rapid increase in 

occupancy. Instead, GC-TuneHFT decided that the burst was a transient one and thus it refrained from a premature GC trigger, letting 

the young generation absorb the allocation spike before returning to normal. By doing so, not only were unnecessary GC activities 

reduced, but also CPU cycles were saved for trading logic. 
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The RL model was also robust and could handle allocation spikes that were unexpected, especially those that were not present 

in the historical training data. When the model faced irregular allocation patterns—like an atypical distribution of FIX messages or a 

sudden change in the lifetime of objects—it decided to fall back on heuristics and safe exploration boundaries in order to keep the 

performance stable. Besides, the prediction engine’s confidence scoring allowed the RL module to regulate its aggressiveness: tuning 

would be more aggressive if the confidence was high, while at times of uncertainty, more conservative adjustments would be made. In 

fact, the AI models implemented the hybrid supervised + RL design to good effect as they were able to strike a balance between 

predictive accuracy, adaptability, and safety. 

 

5.3. Comparison with Static GC Tuning 

Even when experienced performance engineers carry out static GC tuning, it is still fundamentally constrained. Usually, G1GC 

expert-tuned configurations signify the involvement of alterations like fixed young-generation sizing, custom IHOP thresholds, or 

specific evacuation ratios. None of these, however, can be adjusted dynamically to reflect rapid workload changes as they simply 

optimize for average-case performance. Comparisons of GC-TuneHFT with expert-tuned baselines showed that static tuning found it 

hard to cope with sudden order volume spikes. Although manual tuning can lower average latency, tail latency remains high when 

workload patterns vary from expected ones. In contrast to GC-TuneHFT, which kept changing the GC heuristics to be in line with real-

time system state, thus, the worst-case latency was reduced significantly. 

 

On top of that, human effort and operational complexity were considerably reduced through AI-enabled tuning. Traditional 

tuning cycles are usually accompanied with repetitive log analysis, replay-driven performance tests, and parameter experimentation. 

GC-TuneHFT does most of the manual work by itself, thus, engineers are free to make high-level constraint and safety boundary 

decisions while the system takes on micro-adjustments and parameter control at a fine granularity. Above all, GC-TuneHFT was most 

effective in lowering tail latencies up to the 99.9th percentile, where HFT profitability is most vulnerable. The improvements, which 

are most of the time between 35 and 50%, represent the model's ability to prioritize deterministic execution and to prevent long GC 

pauses when there is a peak in demand. 

 

5.4. Overheads and Limitations 

GC-TuneHFT   is a compelling example of AI innovation in finance that manages to keep its runtime overhead very low thanks 

to a series of optimization techniques. To even further reduce overhead the power of the CPU cores used for the real-time inference the 

authors of the paper control the number of CPU cores used for the real-time inference are also keep only 1–2% of the frame work 

During the model activity they use these areas of periods locating inference CPUinto dedicated Besides low-latency model architectures 

and which use the frame work Thus 1–2% overhead during peak model activity is the best of all worlds and this cost is negligible 

relative to the latency gains obtained. 

 

If a model is trained in a volatile environment one of the most challenging limitations is encountered by the model indirectly. 

High-frequency trading HFT systems sometimes undergo market conditions where allocation spikes are not only sudden but also very 

large. As GC-TuneHFT reacts to fluctuations in the data moderately well, exceptionally extreme conditions may be beyond the extent of 

the training data leading to low prediction accuracy or conservative fallback behavior. In addition, there is the worry that the system 

might overfit to the patterns of data it has seen before. If a supervised model or RL agent gets overly specialized in past market 

regimes, then the system may mispredict under new conditions. The mitigation strategy involves: 

 Regular retraining with new data 

 Validation against artificially generated extreme workloads 

 The use of regularization methods and entropy-based strategies to ensure continuous exploration 

 

It should also be noted that the framework is reliant on dynamically tunable features of the JVM. G1GC, unlike ZGC, and 

Shenandoah, exposes a large number of runtime adjustable parameters thus depending on the deployment environment the scope of 

optimization may be limited for ZGC and Shenandoah. 

 

5.5. Practical Insights for HFT System Designers 

Deployment of GC-TuneHFT provides several lessons that can be learned by practitioners who operate ultra-low latency systems: 

 Incremental tuning should be used rather than aggressive changes. Gradual parameter adjustments even if the predictions 

are very confident help to decrease the risk of oscillations or some unexpected GC behavior. 
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 Always have in place strong monitoring pipelines. GC-TuneHFT is a tool to be used together with—not rather than—normal 

observability means such as JFR, perf counters, and GC logs. Monitoring is a means of ensuring traceability, compliance, and 

safety. 

 So-called model-driven tuning should be supported by expert heuristics. Engineers should provide the limits within which GC 

behavior is still predictable. AI deals with micro-level adjustments, whereas human heuristics set high-level constraints. 

 Testing should be done using the worst-case market scenarios. Stress tests with extreme volatility scenarios are very 

important to ensure model robustness. 

 It is a good idea to have a periodic retraining and recalibration plan. Market behaviors change; model accuracy should also 

change accordingly. 

 

In brief, these insights confirm the great potential of AI-based GC tuning to be successful but at the same time, it has to be very 

carefully engineered, strictly observed, and continuously overseen. 

 

6. Conclusion and Future Scope 
6.1. Conclusion 

One of the main challenges in JVM-based trading engines that garbage collection has been the cause of is to achieve 

deterministic performance at high-frequency trading systems. HFT workloads with microsecond-level constraints cannot be satisfied 

by static GC strategies which are generally effective in applications but fail due to the rapid and unpredictable allocation surges that 

HFT workloads often experience. GC-TuneHFT solves this problem by an AI-driven framework which is able to monitor runtime 

behavior continuously, predict memory pressure, and adjust GC parameters on the fly to reduce latency spikes that precede time. 

 

The case study outcomes show that GC-TuneHFT significantly cuts down on GC pauses to a large extent, i.e., 40–60%, most of 

the time while throughput is promoted and tail latency at the 99th and 99.9th percentiles is reduced. The device, therefore, gets even 

more instrumental in ensuring a smooth performance during such market periods when the order flow experiences sudden spikes 

thus, the memory allocation system is under tremendous pressure. GC-TuneHFT creates a predictive and adaptive optimization policy 

that is far ahead of conventional manual tuning methods by integrating supervised learning with reinforcement learning. These results 

prove the worth of AI-assisted memory management and point to the eventual revolution it can bring about in the trading JVM. 

 

6.2. Future Scope 

Some of the future improvements to Gc-tunehft might involve a closer connection with JVM internals, thus possibly giving a 

way to make custom garbage collection algorithms that are geared only for ultra-low-latency applications. The progress in deep 

reinforcement learning may also make it possible for the system to be constantly self-adapting to the changing market situations 

without the need for retraining, hence its stability in an extreme volatility scenario will be increased. Since HFT is progressively 

turning to containerized and cloud-based deployments, GC-TuneHFT may get advanced to the level where it can perform GC 

optimization in distributed environments with different resource limitations. 

 

Besides the financial sector, the concepts of GC-TuneHFT might be used to support the development of executive gaming 

engines, autonomous robots, and industrial control systems. To summarize, this work is a step toward the ultimate goal of a fully 

autonomous JVM which is capable of self-tuning all runtime parameters to achieve the best performance under any workload. 
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