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ABSTRACT:

The transition of Java applications from monolithic, bare-metal enterprise deployments to cloud-native, containerized environments (e.g., Kubernetes) has
introduced severe memory management challenges. Traditional Java Virtual Machine (JVM) heuristics—designed for high-throughput, multi-gigabyte
monolithic runtimes—often conflict with container memory limits, leading to out-of-memory (OOM) kills, CPU throttling, and excessive garbage collection (GC)
latency spikes. This paper investigates strategies for optimizing memory management and minimizing GC overhead in cloud-native Java applications. We analyze
modern garbage collection algorithms (G1GC, Generational ZGC, and Shenandoah), evaluate native compilation via GraalVM, explore the memory impact of

Virtual Threads (Project Loom), and formulate container-aware tuning strategies for modern cloud environments.

1. Introduction

For decades, Java was optimized for long-running, monolithic enterprise deployments on dedicated hardware. The runtime prioritized long-term
throughput over rapid startup times or low memory footprints. However, the paradigm shift toward microservices, serverless deployments, and
container orchestration platforms like Kubernetes has redefined runtime requirements.

In containerized environments, resources are strictly constrained by CPU limits and memory cgroups. A cloud-native microservice must startup rapidly,
maintain a compact Resident Set Size (RSS), and operate predictably within tight memory bounds. When the JVM's actual memory footprint exceeds
the container's hard memory limit, the Linux kernel's Out-Of-Memory (OOM) Killer abruptly terminates the container process. Furthermore, improper
Garbage Collection (GC) behavior can cause severe CPU throttling when GC threads consume excess CPU quota during concurrent collection cycles.

This paper presents an architectural analysis of modern JVM memory management mechanisms, evaluates the performance trade-offs of next-
generation collectors, and delivers a systematic optimization framework for cloud-native Java workloads.

2. The Cloud-Native Memory Paradox
2.1 Native Memory vs. Heap Memory

A common pitfall in containerized Java deployments is mistaking the JVM Heap Size (-Xmx) for the total container memory consumption. The total
Resident Set Size (RSS) of a Java container process is governed by the equation:

MEMORY EQUATION: Total RSS = Heap + Metaspace + Thread Stacks + Code Cache + Direct Byte Buffers + GC Data Structures +
Symbol Tables
When non-heap memory components grow unexpectedly, the process risks exceeding the container ceiling even if the Java heap appears underutilized.
2.2 Container Awareness and Cgroup Integration

Prior to JVM container integration features, the Java runtime queried system files reading the host machine's total resources rather than the container
boundaries. Consequently, default heap heuristics frequently calculated a heap limit far larger than the container limit, causing immediate OOM crashes.

Modern Java runtimes natively parse cgroup v1 and v2 boundaries. Setting -XX:+UseContainerSupport (enabled by default) enables the JVM to derive
its allocation bounds using percentage flags:
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# Explicitly scaling heap based on container cgroups

-XX:InitiaRAMPercentage=25.0
-XX:MaxRAMPercentage=75.0
-XX:MinRAMPercentage=50.0

This configuration leaves approximately 25% of the container memory budget unallocated for native memory structures, thread stacks, and JIT
compilation caches.

3. Analysis of Modern Garbage Collection Algorithms

Selecting the appropriate Garbage Collector involves navigating trade-offs between throughput, pause-time latency, and memory overhead.

Primary Goal Balanced throughput &  Ultra-low latency (<lms target) Low-pause concurrent
predictable pause times across dynamic heap sizes compaction for mid-range heaps

P99 Pause Latency 10ms — 200ms < lms (Heap-size independent) 1ms — 10ms

Memory Overhead Low-Medium (Remembered ~ Medium-High (Colored pointers, Low-Medium (Brooks
Sets: ~2-5%) load barriers) Forwarding / Compressed Oops)

CPU Overhead Low Low to Moderate (Load barriers)  Moderate (Concurrent

evacuation cycles)
Ideal Heap Size 2GB-32GB > 4 GB — Multi-Terabyte 512MB-16 GB

3.1 Garbage-First (G1) GC

G1 divides the heap into equal-sized logical regions (1 MB to 32 MB). It dynamically prioritizes collecting regions with the highest ratio of garbage
(Garbage-First) to meet user-defined pause targets (-XX:MaxGCPauseMillis). While G1 remains the default collector for general-purpose server
applications, its Remembered Sets (RSets)—which track inter-region object references—can consume substantial native memory under high allocation
pressure.

3.2 Generational Z Garbage Collector (ZGC)

ZGC utilizes colored pointers (storing metadata in high-order reference bits) and load barriers to perform concurrent marking, relocation, and
compaction without stopping application threads. Generational ZGC separates short-lived objects from long-lived instances, drastically reducing
memory bandwidth requirements and eliminating allocation stalls under heavy object churn.

3.3 Shenandoah GC

Developed to achieve ultra-low pause times through concurrent compaction, Shenandoah uses forwarding pointers attached to objects to update
references concurrently with application execution. Because Shenandoah supports Compressed Object Pointers on smaller heap sizes, it often exhibits
lower memory overhead than ZGC on small-to-mid-size container pods (<4 GB).

4. Virtual Threads (Project Loom) and Memory Implications

The stabilization of Virtual Threads in modern Java platforms transforms the JVM's execution model by decoupling Java threads from operating system
(OS) kernel threads.

4.1 Memory Mechanics of Virtual Threads

Traditional Java platform threads require a fixed stack memory allocation (-Xss, typically 1 MB per thread) allocated directly from native off-heap
memory. Creating 5,000 platform threads results in ~5 GB of thread stack allocation alone.

In contrast, Virtual Threads store frame allocations as Continuation objects on the Java Heap:

. 1. Dynamic Scaling: A Virtual Thread starts with a minimal stack footprint (often <1 KB) that grows and shrinks dynamically.

e 2. Mounting/Dismounting: When encountering a blocking I/O operation, it dismounts from its Carrier Thread and writes frame state to the heap.

e 3. GC Pressure Shift: While reducing native memory, high thread concurrency increases allocation pressure on the Young Generation heap as
short-lived Continuation frames are rapidly created.
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5. Ahead-of-Time (AOT) Compilation via GraalVM Native Image

For microservices demanding fast startup times and minimal memory footprints, ahead-of-time compilation using GraalVM Native Image presents an

alternative to the traditional HotSpot JIT runtime.

# Memory Distribution Comparison Script Logic

def calculate_ memory_footprint(mode, heap_size_mb):
if mode == "HotSpot_JVM":
metaspace = 120 # Class metadata
code_cache =80 # JIT Compiled code
interpreter_overhead = 50
return heap size mb + metaspace + code _cache + interpreter_overhead
elif mode == "GraalVM_Native":
metaspace = 0 # Pre-compiled into binary
code_cache =0 # No dynamic JIT compilation
runtime_overhead = 25 # Substrate VM baseline
return heap size mb + runtime overhead

# Output Comparison for 512MB Heap:
# HotSpot Footprint: 762 MB
# Graal VM Footprint: 537 MB

5.1 Trade-offs in Cloud-Native Contexts

Advantages: Instantaneous startup time (<50ms), zero JIT compilation CPU overhead, significantly reduced base RSS memory, and immunity to
dynamic classloading vulnerabilities.

Limitations: Reduced peak throughput compared to long-running HotSpot JIT optimization, lack of dynamic class loading, limited reflection
capabilities requiring manual configuration, and simpler garbage collection implementations.

6. Practical Tuning Framework for Containerized Java

To optimize Java applications running in Kubernetes or generic container engines, apply this structured tuning methodology:

Step 1: Establish Strict Memory Percentages

Do not hardcode absolute heap values (-Xmx2g) inside container images. Allow the JVM to automatically adapt:

java -XX:+UseContainerSupport \

-XX:MaxRAMPercentage=70.0 \
-XX:InitialRAMPercentage=70.0 \
-XX:ActiveProcessorCount=4 \
-jar application.jar

Step 2: Select GC Collector Based on Pod Constraints

Small Pods (<=2 GB RAM / <=2 CPU Cores): Use Serial GC or Shenandoah GC. Serial GC eliminates multi-threaded collector overhead that
causes CPU throttling on low-core pods.

Medium Pods (2 GB - 8 GB RAM): Use G1GC with explicit pause target tuning (-XX:+UseG1GC -XX:MaxGCPauseMillis=50).
High-Concurrency / Latency-Critical Pods (> 8 GB RAM): Enable Generational ZGC (-XX:+UseZGC -XX:+ZGenerational).

Step 3: Mitigate Off-Heap Leaks and Direct Memory Growth

# Limit Metaspace growth
-XX:MaxMetaspaceSize=256m

# Bound Direct Byte Buffers (used by Netty/NIO)
-XX:MaxDirectMemorySize=512m

# Optimize Thread Stack Sizes for high-concurrency legacy apps
-Xss256k
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7. Conclusion

Optimizing memory management in cloud-native Java applications requires aligning the JVM runtime with container boundaries. By moving away
from monolithic default settings and configuring container-aware memory limits, developers can prevent unexpected OOM terminations and CPU
throttling.

The choice between traditional HotSpot deployment and ahead-of-time GraalVM compilation depends on application lifecycle requirements: GraalVM
offers instant startup and lower baseline RSS for serverless environments, whereas HotSpot equipped with Generational ZGC or tuned G1GC delivers
high peak throughput and sub-millisecond response consistency for long-running microservice instances.
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