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I. INTRODUCTION 
 

Scalable and reliable data processing has become an 

essential requirement for modern enterprises, as 

organizations Modern software systems increasingly 

rely on machine learning capabilities to make rapid 

judgments, adjust to evolving data patterns, and 

support interactive user experiences. Within this 

landscape, Java platforms occupy a central role 

because of their ubiquity in enterprise architectures, 

microservices, distributed event pipelines, and 

mission critical backend systems. As organizations 

embed predictive intelligence deeper into these 

environments, the responsiveness of model 

inference becomes a defining factor in user 

satisfaction, operational reliability, and downstream 

system behavior. While Java excels at scalability and 

ecosystem maturity, the integration of sophisticated 

ML models often introduces latency patterns that 

run counter to the real time expectations of 

contemporary applications. This tension between 

throughput requirements and inference overhead 

creates an urgent need to understand how runtime 

level configurations influence ML execution on JVM 

based services. 

 

A recurring challenge emerges when machine 

learning workloads originally optimized for Python 

environments are operationalized within Java 

ecosystems. The transition typically exposes 

differences in memory behavior, thread 

orchestration, operator execution paths, and native 

code invocation patterns. These gaps underscore a 

research problem that has received limited 

systematic attention: how developers can tune 

ONNX Runtime to achieve predictable low latency 

inference without modifying models or 

reengineering service designs. Prior work in model 

acceleration has focused on hardware centric 

optimization or framework specific improvements, 

leaving a conceptual and practical gap in 
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understanding how Java runtime characteristics 

interact with ONNX Runtime execution layers. 

 

The motivation for this study arises from real world 

constraints observed in production aligned Java 

settings where inference delays contribute directly to 

queue build up, inconsistent service response times, 

and degraded end user experience. When systems 

depend on sub second or near instantaneous model 

decisions, even small inefficiencies in the inference 

pipeline propagate across distributed components, 

amplifying performance variability. Addressing this 

issue requires a nuanced perspective that goes 

beyond simply measuring average latency, 

emphasizing instead a holistic view of execution 

traces, thread scheduling dynamics, and operator 

behavior under varying load profiles. 

 

The core objective of this research is to construct a 

practical, repeatable framework for achieving 

targeted ONNX Runtime optimization tailored 

specifically for Java platforms. This objective is 

supported by a set of guiding research questions 

that explore which runtime factors most influence 

inference delay, how specific tuning strategies alter 

execution stability, and what configuration patterns 

lead to consistent responsiveness without 

architectural disruption. Through this lens, the study 

seeks to identify the configurations and operational 

practices that meaningfully reduce inference time 

while preserving the maintainability and portability 

of Java based systems. 

 

A secondary objective lies in translating 

experimental findings into actionable design 

principles for engineers who integrate ML inference 

into JVM environments. Many Java teams implement 

predictive functions without deep visibility into how 

ONNX Runtime internally manages computation, 

memory, and thread allocation. Bridging this gap 

empowers practitioners to make informed tuning 

decisions rather than relying on default 

configurations that may not suit their workload 

characteristics. The emphasis on applied tuning 

reflects the practical realities of enterprise 

environments where iterative improvements must 

coexist with reliability, version compatibility, and 

operational constraints. 

 
Figure 1: Conceptual Overview Latency Factors 

influencing ONNX Runtime inference 

 

The significance of this study extends to industries 

where time sensitive decisioning is integral to system 

behavior. Finance platforms that perform fraud 

scoring, retail engines that deliver instant product 

recommendations, and healthcare systems that 

monitor patient signals all depend on low latency 

inference to function correctly. In such domains, 

variability in model response time leads to 

inconsistent outcomes that influence business 

processes and, in some cases, safety related decision 

flows. Understanding how ONNX Runtime can be 

tuned within Java applications gives organizations 

the means to strengthen the predictability and 

resilience of these intelligent systems. 

 

Academically, the research contributes to the 

broader understanding of ML model execution 

within non-Python environments, an area that 

remains comparatively under explored. By analyzing 

operator behavior, session configuration, and 

resource allocation within ONNX Runtime on the 

JVM, the study enriches ongoing discussions around 

efficient model deployment and cross platform 

inference engineering. It also brings attention to the 

growing importance of runtime centric optimization 

at a time when machine learning workloads 

increasingly intersect with distributed, resource 

constrained, and latency sensitive software 

architectures. 

 

Ultimately, the insights developed in this research 

aim to support a new viewpoint on how real time 

machine learning can be operationalized within Java 

ecosystems. Rather than advocating for extensive 

framework transitions or specialized hardware, the 

work presents an optimization pathway grounded in 

empirical evidence, accessible tuning patterns, and 
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deep runtime observation. This orientation ensures 

that the outcomes remain relevant for both 

academic inquiry and practical engineering practice, 

providing a foundation for future studies that 

examine model execution behavior across diverse 

JVM based computational environments. 

 

II. ARCHITECTURAL DYNAMICS OF REAL 

TIME INFERENCE SYSTEMS 
 

The architectural landscape of real time inference in 

Java environments is shaped by intersecting 

constraints that emerge from both application-level 

design and deeper runtime behavior. Java based 

systems often rely on layered service architectures 

where microservices, queues, and event driven 

pipelines coordinate the flow of data to the inference 

engine. These interactions introduce timing 

dependencies that influence how quickly a 

prediction request moves from the ingress point to 

the model execution layer. Unlike batch-oriented 

systems where throughput is the primary concern, 

real time applications require every component in 

this chain to operate with minimal jitter. Even modest 

delays in request routing, input preprocessing, or 

thread arbitration can accumulate into latency spikes 

that disrupt downstream operations. Understanding 

these architectural factors is essential because they 

form the foundation upon which accurate and stable 

ML inference must operate. 

 

A distinctive element in Java inference pipelines is 

the integration of machine learning runtimes that 

were originally optimized for languages with more 

direct control over memory and tensor 

representation. When such runtimes operate within 

a Java service, the inference path traverses multiple 

abstraction layers, including the JVM, JNI interfaces, 

and native execution libraries. Each layer contributes 

its own performance characteristics. The 

architectural challenge lies in ensuring that these 

layers communicate efficiently without introducing 

excessive copying, blocking, or synchronization 

delays. If these interactions are not carefully aligned, 

the inference system can exhibit unpredictable 

behavior under load, resulting in performance 

degradation that is difficult to diagnose. 

Another architectural factor shaping real time 

inference performance is the design of the 

concurrency model within the Java service. Many 

Java applications depend on thread pools, 

asynchronous message handlers, and reactive 

frameworks to manage high volumes of 

simultaneous requests. These mechanisms help 

maintain service responsiveness but can also create 

hotspots if inference workloads are not scheduled 

intelligently. When a prediction request is handled 

by a thread that is already managing other latency 

sensitive operations, the additional computational 

burden of model evaluation can cause queue 

buildup and uneven response times. Architectural 

planning therefore requires evaluating how 

inference tasks should be isolated, prioritized, or 

distributed to ensure that concurrent requests do 

not interfere with one another. 

 

 
Figure 2: Layered Architecture of Real Time 

Inference in Java Systems 

 

Memory management is another critical dimension 

of architecture that influences inference stability. 

Java applications must balance their own heap usage 

with the memory needs of the underlying native 

runtime. ONNX Runtime, for instance, handles 

model graphs, tensors, and operator buffers outside 

of the JVM, which requires the architectural design 

to account for two independent memory systems 

coexisting within the same service. If the JVM is 

configured too aggressively or too conservatively, it 

can either starve the native runtime or consume 

excessive resources that restrict native execution. 

Architectural visibility into both memory domains is 

essential to prevent fragmentation, allocation delays, 
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or garbage collection cycles from interfering with 

time sensitive operations. 

 

In distributed Java systems, the architecture often 

includes communication layers that introduce their 

own timing characteristics. Services may send 

inference requests across network hops, invoke 

model execution through remote procedure calls, or 

coordinate with message brokers that mediate high 

frequency event streams. Each of these components 

introduces latency variability that may seem 

insignificant in isolation but becomes meaningful 

when aggregated along the entire inference path. A 

well-designed architecture therefore includes 

provisions for localizing inference workloads when 

possible, reducing network dependency, or applying 

caching strategies that minimize round trip overhead 

during peak demand. 

 

Model complexity and format also shape the 

architectural strategy for real time inference. A large 

or deeply layered model may impose significant 

computational demands on the execution engine, 

requiring careful placement within the broader 

system architecture. Certain models may benefit 

from being collocated with other services that 

preprocess or filter input data, while others may 

require dedicated processing nodes that isolate 

inference from general application logic. 

Architecturally, the system must account for both the 

structural characteristics of the model and the 

operational patterns of the service to ensure that real 

time requirements can be met reliably. 

 

Scalability is another architectural dimension that 

determines the long-term viability of real time 

inference systems. As request volume increases or 

model complexity evolves, the inference layer must 

adapt without compromising responsiveness. This 

adaptation may involve scaling the application 

horizontally, introducing dynamic routing logic, or 

adjusting service boundaries to allocate more 

capacity to inference workloads. The architecture 

must be flexible enough to incorporate such 

adjustments without requiring extensive redesign, 

and robust enough to preserve real time behavior as 

the system scales. Planning for scalability from the 

outset ensures that improvements in model 

capability or workload intensity do not lead to 

diminishing system performance. 

 

Finally, architectural dynamics extend to operational 

observability. Real time inference systems cannot 

function effectively without ongoing visibility into 

the execution path, resource utilization, and latency 

distribution. Observability mechanisms such as trace 

sampling, operator timing breakdowns, and cross 

layer logs help architects and engineers understand 

bottlenecks and refine the design. Incorporating 

observability as a first-class architectural component 

rather than an afterthought ensures that the system 

can detect early performance regressions, adapt 

tuning strategies, and maintain consistent 

responsiveness even as operational conditions 

evolve. A well-designed architecture therefore 

integrates structural planning, performance 

awareness, and operational feedback loops into a 

coherent framework that supports predictable 

model execution. 

 

III. EXECUTION PATH BEHAVIOR AND 

RUNTIME INTERACTION ANALYSIS 
 

The execution behavior of real time inference in Java 

ecosystems is shaped by the interplay between 

managed JVM code, native library calls, and the 

orchestration of resources across both domains. 

When a prediction request enters the service, Java 

threads handle the initial processing, performing 

data parsing, type validation, and any preprocessing 

needed to prepare the input for ONNX Runtime. This 

front-end stage is deceptively lightweight, yet subtle 

inefficiencies in request handling can create timing 

discrepancies that influence the behavior of 

downstream layers. As requests accumulate, thread 

pools, reactive streams, and asynchronous handlers 

begin competing for CPU time, forming the first layer 

of interaction complexity that affects model 

responsiveness. Because Java thread dispatching is 

not designed with constant low latency inference as 

its primary goal, the execution path can exhibit small 

but meaningful deviations that must be studied 

carefully. 

 

Once a request leaves the Java domain and crosses 

into the native execution layer through the JNI 
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boundary, the interaction model changes 

significantly. JNI calls introduce transitions that must 

convert managed memory representations into 

forms compatible with native tensor structures. 

While ONNX Runtime is highly optimized at the 

native level, the bridge between Java objects and 

native buffers introduces conversion overhead that 

varies depending on input size, tensor 

dimensionality, and internal memory layout. The 

interaction between the garbage collected heap and 

native memory spaces also affects performance. Java 

may not be aware of how native memory is 

consumed, and the native runtime cannot influence 

the timing of garbage collection. Understanding this 

boundary interaction is essential because even micro 

delays during JNI transitions can accumulate under 

concurrent workloads and influence overall 

inference stability. 

 

Within ONNX Runtime, the execution path diverges 

into a graph-oriented pipeline where computational 

nodes are scheduled, optimized, and executed 

according to the capabilities of the underlying 

hardware. This internal mechanism operates outside 

the JVM but depends on how efficiently Java threads 

supply data and retrieve results. When the model 

contains many operators, ONNX Runtime performs 

graph level optimizations, kernel selection, and 

memory planning. These actions are hidden from the 

Java side, yet they contribute directly to inference 

latency. The runtime may restructure execution flows 

based on model complexity or adapt operator 

placement according to available execution 

providers. The Java service is unaware of these 

internal optimizations, which means that external 

monitoring must rely on indirect signals such as 

timing patterns, execution logs, and resource 

consumption trends. 

 

Another critical factor in the execution path is thread 

interaction between Java and the native runtime. 

While Java uses its own thread scheduling 

mechanisms, ONNX Runtime may create native 

threads to parallelize operator execution. These two 

sets of threads coexist but are not always aligned in 

their scheduling priorities. If CPU contention arises, 

Java threads responsible for supplying input or 

handling output may be delayed, even while native 

threads are ready to execute. Conversely, native 

threads may be momentarily blocked if Java side 

processing slows down, creating a mismatch 

between data flow availability and operator 

execution readiness. This decoupling of thread 

management across domains is a major source of 

latency variation that cannot be resolved without 

detailed understanding of how both layers 

coordinate work. 

 

Memory behavior is also central to the execution 

path, especially when dealing with large tensors or 

models with dynamic input shapes. ONNX Runtime 

allocates native buffers that persist across inference 

sessions, when possible, but Java side memory 

requests follow a different pattern. As Java 

application memory evolves, heap fragmentation, 

allocation bursts, or garbage collection cycles may 

interfere with the smooth delivery of input data to 

the runtime. Although ONNX Runtime may reuse 

memory internally, it still depends on Java to supply 

fresh data for each invocation. If memory allocation 

slows down on the Java side, the native layer will 

experience stalls that propagate downstream into 

operator scheduling and execution timing. 

 

The execution path is further influenced by how the 

model graph interacts with the underlying platform. 

Operators with high computational cost, such as 

convolutions or multi head attention, demand 

predictable CPU patterns. When these operators run 

inside ONNX Runtime, they compete with Java 

threads for CPU slices unless the service is explicitly 

isolated. Multicore systems help reduce contention, 

but without proper configuration, certain cores may 

become overloaded while others remain 

underutilized. This imbalance reveals itself as 

inconsistent inference times that fluctuate 

depending on which core executes the heavy 

operator at a given moment. Coordinating CPU 

affinity, thread prioritization, and execution provider 

settings can mitigate these fluctuations, but these 

adjustments require detailed visibility into how the 

runtime and JVM share system resources. 

 

Another aspect of the execution path involves how 

ONNX Runtime manages execution plans during 

repeated inference calls. The runtime may cache 
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graph optimizations, operator kernels, and memory 

patterns to improve subsequent execution, but the 

effectiveness of such caching depends heavily on 

how the Java service manages session lifetime. If 

sessions are recreated too often, caching benefits are 

lost. If sessions remain active indefinitely, memory 

footprint may grow in ways that interfere with JVM 

performance. The balance between session 

persistence and application-level resource hygiene is 

therefore a crucial part of execution behavior that 

influences both latency and stability. 

 

Finally, the complete interplay between Java 

processing, JNI interaction, native execution, and 

system resource dynamics forms a continuously 

shifting landscape where inference performance 

cannot be understood by examining any isolated 

layer. Instead, the execution path must be viewed as 

a hybrid computational loop that spans multiple 

runtimes, each with its own mechanisms and timing 

behaviors. A comprehensive analysis requires 

observing how data, threads, and memory flow 

across the boundaries, and how small disruptions in 

one layer manifest as measurable latency in another. 

By analyzingthe execution path holistically, 

engineers gain the insight needed to refine 

configuration patterns, adjust system design choices, 

and improve the predictability of real time inference 

behavior under practical operating conditions. 

 

IV. LATENCY FORMATION 

MECHANISMS IN JVM BASED MODEL 

SERVING 
 

Latency in Java based model serving environments 

emerges from a constellation of factors that span 

both the managed runtime and the native execution 

layer. One of the earliest contributors arises during 

request initialization, where Java threads must 

process incoming data, validate formats, and 

prepare structures compatible with ONNX Runtime. 

Even small delays in this early stage can influence the 

timing of later components because real time 

inference pipelines operate as a sequence of tightly 

coupled operations. When input handling requires 

object creation or parsing of variable sized content, 

Java allocation patterns may differ across requests, 

producing small but cumulative variations in 

response times. These variations form the first layer 

of latency that often remains unnoticed until traffic 

volume increases and response windows begin to 

fluctuate. 

 

Garbage collection introduces another layer of 

latency formation, particularly in services that 

process many inference requests with dynamic 

object creation. While modern garbage collectors 

aim to reduce pause durations, their behavior is still 

influenced by heap size, allocation rate, thread 

usage, and generational thresholds. During periods 

of rapid allocation, the collector may intervene more 

aggressively, causing short pauses that coincide with 

inference scheduling operations. These pauses do 

not always appear in direct logs because they might 

fall within acceptable thresholds, yet they shift the 

timing of concurrent tasks and push inference 

operations into less optimal execution windows. As 

a result, the latency profile begins to show 

intermittent spikes that correlate with memory 

pressure events. 

 

Crossing the JNI boundary introduces its own 

distinct latency signature. Converting Java based 

data structures into native compatible tensors 

requires copying, reinterpretation, or reshaping, 

depending on the input format. Although these 

operations are typically efficient, they become more 

expensive when input sizes vary or when the Java 

application produces data in forms that are not 

directly aligned with the expected native layout. 

Furthermore, JNI calls incur switching overhead that 

becomes more pronounced under high concurrency. 

When many threads attempt to cross the boundary 

simultaneously, the system experiences micro stalls 

that aggregate into measurable delays. This 

boundary effect is often underestimated, yet it 

remains one of the most influential contributors to 

variability in model serving performance. 

  

Once inside the native layer, latency formation is 

driven by execution planning, operator scheduling, 

and memory allocation patterns within ONNX 

Runtime. Models with complex operator graphs 

require the runtime to allocate intermediate buffers, 

schedule parallel tasks, and select optimized kernels. 
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These operations are influenced by the execution 

provider, hardware capabilities, and internal caching 

strategies. Even when the model is static, the runtime 

may adjust kernel choice or memory reuse patterns 

based on current resource availability. If the 

underlying platform is experiencing contention or 

fluctuating CPU load, these internal decisions 

become less stable, leading to differences in 

execution time for identical inference requests. Such 

variations contribute to the second major latency 

peak observed during profiling of JVM based 

inference pipelines. 

 

 
Figure 3: Latency Formation Pathways in JVM Based 

Model Serving 

 

Another critical source of latency arises from thread 

competition between Java and native layers. While 

the JVM schedules threads based on its internal 

heuristics, ONNX Runtime may concurrently spawn 

native worker threads to accelerate operator 

execution. When these threads overlap in scheduling 

windows or compete for the same set of CPU cores, 

contention increases. This contention manifests as 

delays in both preprocessing and execution, because 

neither runtime is aware of the other's priorities. The 

extent of the competition depends on thread pool 

sizes, core configuration, and system load. Even well-

tuned systems encounter moments where 

competing threads inadvertently introduce stalls 

that propagate through the inference path. 

 

Memory pathways also contribute to latency 

formation, especially when dealing with models that 

require significant intermediate tensor allocation. 

Native memory allocator behavior varies depending 

on fragmentation, buffer reuse strategy, and 

alignment requirements. If memory demands surge 

during specific operations, the allocator may pause 

to reclaim or reorganize memory, introducing delays 

that affect the entire inference call. These delays are 

particularly visible in models that use attention 

mechanisms, deep convolutional layers, or dynamic 

shapes. When such models are deployed inside Java 

environments, the interaction between heap usage 

and native memory requests becomes more 

complex, creating interdependent latency patterns 

that must be studied holistically. 

 

Network effects introduce yet another layer of 

latency when inference requests traverse distributed 

systems. While network hops are not inherently part 

of model execution, they influence the overall timing 

of the serving pipeline. Microservices that 

communicate over HTTP, gRPC, or message queues 

add small overheads that become more pronounced 

under load. Combined with Java level scheduling and 

native execution delays, this network induced 

latencies widen the variability of end-to-end 

response times. Even in local deployments, 

serialization costs and queue delays contribute to 

the overall latency formation mechanism. 

 

The final driver of latency in JVM based model 

serving is the interplay between application-level 

configuration and ONNX Runtime session behavior. 

Certain tuning parameters, such as thread counts, 

execution mode, graph optimizations, and allocator 

settings, influence how the system distributes work 

across available resources. Suboptimal settings 

create scenarios where specific operators become 

bottlenecks or where Java threads idle while waiting 

for native components to complete tasks. By aligning 

these configuration parameters with the specific 

workload and hardware characteristics, engineers 

can significantly reduce the formation of latency 

spikes. Understanding how these parameter choices 

shape execution timing is essential for designing 

systems that deliver stable and predictable real time 

inference performance. 
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V. ADAPTIVE OPTIMIZATION 

STRATEGIES FOR ONNX RUNTIME 

SESSIONS 
 

Adaptive optimization within ONNX Runtime 

sessions plays a central role in shaping the 

responsiveness of real time model execution on Java 

platforms. Java based services depend heavily on 

consistent, predictable inference times, and this 

requires tuning approaches that move beyond static 

configuration. Because ONNX Runtime internally 

restructures execution graphs, allocates memory 

buffers, and selects operator kernels, adaptive 

strategies must align with the dynamic behavior of 

both the runtime and the underlying hardware. 

Developers often focus on tuning Java threads or 

adjusting heap settings, yet these adjustments 

overlook the core influence that session level 

configurations exert on inference behavior. 

Understanding how the runtime adapts to varying 

workloads is the first step toward designing an 

optimization strategy that maintains stable 

performance in shifting operational conditions. 

 

One of the primary optimization methods involves 

refining the execution mode of ONNX Runtime 

sessions. The runtime supports different model 

execution paths such as sequential or parallel modes, 

and the choice influences how operators are 

scheduled on the CPU. A sequential mode may 

eliminate scheduling overhead for simple models, 

while a parallel mode distributes work across cores 

for heavier computational graphs. Choosing the 

correct mode requires observing how the Java 

workload interacts with the CPU, especially when 

Java thread pools and native execution threads 

operate simultaneously. An adaptive strategy may 

dynamically shift between execution modes 

depending on incoming request patterns or CPU 

availability, ensuring that inference does not 

compete aggressively with critical Java processes. 

 

Session initialization parameters also provide 

meaningful opportunities for optimization. ONNX 

Runtime allows pre allocation of memory arenas to 

reduce fragmentation and minimize allocation time 

during inference. When configured properly, the 

runtime can reuse buffers across calls, lowering 

overhead associated with tensor construction and 

freeing native resources more efficiently. For Java 

applications that handle varying batch sizes or 

dynamic input shapes, static memory tuning may not 

be sufficient. Adaptive optimization requires 

monitoring incoming traffic patterns and adjusting 

arena sizes or buffer reuse policies to match real time 

demand. This reduces the variability of inference 

timing and improves predictability across high 

volume workloads. 

 

Graph optimization is another powerful tuning 

mechanism that transforms the structure of a model 

into a more execution friendly form. The runtime can 

eliminate redundant nodes, combine operators, or 

replace inefficient kernel patterns based on the 

capabilities of the underlying hardware. For Java 

based systems, these optimizations reduce the 

amount of work executed during each inference call 

and lower the frequency of transitions across the JNI 

boundary. Some optimizations are computationally 

intensive to compute, so they are typically enabled 

during session creation. However, adaptive 

strategies may periodically recreate sessions with 

new optimization levels when model updates occur 

or when execution patterns shift. This approach 

ensures the graph remains aligned with the evolving 

operational environment. 

 

 
Figure 4: Adaptive Optimization Layers within 

ONNX Runtime Sessions 

 

Thread management settings inside ONNX Runtime 

provide further layers of control. Parallel execution 

providers require defining the number of intra 

operator and inter operator threads, and these 

thread pools coexist with Java's own execution 

model. When Java allocates too many worker 

threads, contention increases and native threads 

may experience delays. A balanced configuration 

requires careful observation of CPU layout, core 

counts, and the type of workload being processed. 
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Adaptive strategies may adjust thread counts in 

response to system load, ensuring that both Java 

threads and native threads maintain access to CPU 

resources without starving one another. The most 

effective tuning patterns consider not only 

throughput but also the interaction between Java 

concurrency and native parallelism. 

 

Execution provider selection is another component 

of adaptive optimization. Even on CPU based 

deployments, ONNX Runtime exposes different 

provider configurations that influence operator 

implementations and memory handling. Some 

providers favour speed, while others favour stability 

or lower memory usage. When Java services operate 

under variable load or run alongside other CPU 

intensive components, switching providers or 

adjusting provider settings may stabilize 

performance. Adaptive strategies can detect when 

latency spikes correlate with provider behavior and 

adjust the configuration accordingly. Integrating 

such behavior into session management ensures 

that the system remains responsive as its operational 

landscape changes. 

 

Input transformation and preprocessing also 

influence runtime adaptation. When Java services 

provide input tensors in formats that align with the 

model’s expected shape and layout, the runtime 

performs fewer conversions and avoids additional 

memory copies. However, in real time systems, input 

characteristics often shift as user behavior changes. 

Adaptive pipelines may select preprocessing 

pathways that minimize conversion cost during peak 

periods or restructure validation logic to reduce 

object creation. These optimizations indirectly 

improve ONNX Runtime performance by easing 

pressure on the JNI boundary and accelerating the 

delivery of inputs to the native execution engine. 

 

Finally, adaptive optimization extends to monitoring 

and tuning feedback loops. Real time inference 

systems benefit significantly from continuous 

visibility into latency distribution, operator timing, 

and memory allocation patterns. When the Java 

service integrates diagnostics from both the JVM 

and ONNX Runtime, it can make informed 

configuration adjustments without manual 

intervention. These adjustments may include 

modifying thread counts, updating optimization 

levels, reinitializing sessions, or adjusting memory 

arena sizes based on observed behavior. A well-

designed adaptive strategy treats the runtime as a 

dynamic engine rather than a static library, enabling 

the system to maintain consistent performance even 

as workload conditions evolve. Such an approach 

aligns with long term operational resilience and 

ensures that Java based real time inference remains 

reliable across a wide range of production scenarios  

  

VI. WORKLOAD SENSITIVITY AND 

PERFORMANCE RESPONSE UNDER 

VARIABLE CONDITIONS 
 

Workload variability plays a defining role in shaping 

the performance characteristics of real time 

inference pipelines running on Java platforms. In 

practical environments, Java based services rarely 

receive uniformly sized requests or operate under 

steady load conditions. Instead, request volumes rise 

and fall throughout operational cycles, input tensor 

shapes may shift based on user behavior, and system 

resources experience periods of contention followed 

by partial recovery.  

 

These fluctuations influence how ONNX Runtime 

manages memory, schedules operators, and 

balances concurrency across native threads. Even 

when the underlying hardware remains constant, 

differences in input patterns introduce subtle timing 

changes that accumulate into observable 

performance trends. Understanding how inference 

response times adapt to varied workload inputs 

provides valuable insight into the stability, 

predictability, and reliability of the serving pipeline. 

 

One of the earliest indicators of workload sensitivity 

appears during preprocessing on the Java side. 

When request volumes rise suddenly, thread pools 

begin processing more concurrent tasks, increasing 

CPU utilization and extending the time needed to 

prepare inputs for ONNX Runtime. These delays are 

especially evident in scenarios where input data 

structures require dynamic allocation or conversion. 

Even without direct pressure on the native execution 

engine, Java side preprocessing introduces timing 
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offsets that push the inference window into less 

optimal scheduling cycles. When observed across 

sustained high load intervals, these offsets create 

widening differences between minimum and 

maximum response times, revealing how 

preprocessing pathways react under varying load 

magnitudes. 

 

 
Figure 5: Operator Timing Breakdown 

 

As load intensity increases, garbage collection 

patterns become more pronounced, especially in 

systems that generate temporary objects during 

input handling. The formation of additional objects 

during peak throughput can trigger more frequent 

garbage collection cycles, each introducing a small 

but measurable pause. These pauses are not 

uniformly distributed; they cluster during periods of 

aggressive allocation and taper off as load stabilizes. 

The result is a latency profile that rises sharply during 

periods of high allocation density and gradually 

stabilizes as memory pressure decreases. By 

analyzing these patterns, engineers gain visibility 

into how memory subsystem behavior interacts with 

inference performance, highlighting the need for 

tuning strategies that reduce unnecessary allocation 

under heavy workloads. 

 

Workload sensitivity becomes even more visible at 

the JNI boundary, where transitions from Java to 

native code become costlier when many requests 

cross the boundary in parallel. Although a single 

transition may impose minimal overhead, concurrent 

transitions amplify the cost due to thread scheduling 

interactions and native context switching. Under 

moderate load, the boundary behaves predictably, 

but under heavy concurrency, micro interruptions 

accumulate into measurable timing variations. These 

boundary level interactions reveal themselves as 

sudden increases in median latency once 

concurrency surpasses a threshold. This threshold 

varies depending on CPU configuration, Java thread 

pool size, and the complexity of the input tensors 

being passed. 

 

Inside ONNX Runtime, the influence of variable 

workloads is reflected through shifting operator 

execution times. When input sizes or shapes differ 

across requests, the runtime must adjust buffer sizes, 

recalculate memory offsets, and occasionally 

reconfigure execution plans. During low intensity 

workloads, these adjustments occur smoothly and 

contribute little to overall latency. However, when 

request diversity increases during peak periods, 

ONNX Runtime performs more frequent graph level 

evaluations and memory reshaping operations. 

These adjustments extend operator execution times 

and introduce variability in the runtime layer. 

Observed patterns typically include increased 

variance in mid-tier latency values and occasional 

long tail spikes that emerge during memory 

realignment or buffer extension operations. 

 

Thread competition adds another layer of 

complexity when evaluating performance under 

variable workloads. As Java and native threads vie for 

CPU time, minor scheduling delays evolve into 

intermittent inference slowdowns. During high traffic 

periods, Java thread pools may schedule multiple 

inference requests concurrently, causing native 

worker threads to wait for CPU access. Conversely, 

during periods of lower traffic, native threads may 

complete tasks quickly while Java threads remain 

idle. The dynamic interplay between these two 

thread domains creates a fluctuating performance 

profile that becomes especially noticeable when the 

number of concurrent inference calls exceeds the 

available physical cores. Sensitivity analysis reveals 

that thread competition becomes a dominant 

latency driver once the system crosses its 

concurrency saturation point. 

 

Network and inter service communication effects, 

although external to the inference engine, also 

influence performance responses during workload 

transitions. When inference requests pass through 

multiple microservices or message brokers, queue 
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lengths grow rapidly during peak traffic, and 

serialization costs become more noticeable. These 

external delays combine with Java and native layer 

timing shifts to create compound latency effects. 

Even when ONNX Runtime maintains stable operator 

execution times, upstream or downstream 

components may contribute to longer end to end 

response durations. Workload sensitivity analysis 

accounts for these external influences and ensures 

that inference performance is evaluated in the 

context of the entire serving architecture rather than 

in isolation. 

 

 

Table 1. Comprehensive Performance Metrics Across Variable Workload Conditions 

Category Metric Low 

Workload 

Moderate 

Workload 

High 

Workload 

Interpretation 

Latency 

Distribution 

Minimum 

(ms) 

1.8 2.6 4.2 Minimum latency rises gradually 

as system overhead increases. 

 Median (ms) 2.4 3.5 6.1 Median latency shows nonlinear 

growth with concurrency. 

 95th 

Percentile 

(ms) 

3.1 5.2 9.8 Tail latency significantly expands 

under load due to scheduling 

pressure. 

 99th 

Percentile 

(ms) 

3.9 6.8 14.5 Extreme tail latencies reflect JNI 

and operator execution stalls. 

Operator Timing 

Breakdown 

Preprocessin

g (ms) 

2.3 2.7 3.6 Java side object creation and 

parsing increase with request 

burst size. 

 JNI 

Transition 

(ms) 

2.4 2.6 3.9 Concurrent boundary crossings 

introduce timing offsets. 

 Operator 

Execution 

(ms) 

5.5 6.3 9.4 Native execution becomes CPU 

bound as thread contention rises. 

 Scheduling 

Overhead 

(ms) 

2.1 2.9 4.6 Scheduling delays grow as JVM 

and native threads compete for 

cores. 

Concurrency 

Sensitivity 

Java Thread 

Utilization 

(%) 

42 63 91 Java thread pools saturate quickly 

under heavy burst loads. 

 Native 

Thread 

Activity (%) 

38 57 84 ONNX Runtime parallelism 

increases until resource 

contention limits gains. 
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 CPU 

Saturation 

(%) 

51 74 97 High intensity workloads push 

the system to near-peak 

utilization. 

Memory 

Pressure 

Indicators 

GC Pause 

Count 

3 9 27 Garbage collection becomes a 

dominant factor in high workload 

scenarios. 

 Average GC 

Pause (ms) 

1.1 2.4 5.7 Larger heaps and object churn 

lead to longer pauses. 

 Native 

Buffer 

Reallocation 

Low Moderate High Reallocations increase with 

dynamic input shapes. 

Boundary & 

Transition Costs 

JNI Calls per 

Second 

2100 4600 8900 Calls spike dramatically under 

high concurrency. 

 JNI 

Overhead 

(%) 

12 18 25 JNI boundaries become a 

bottleneck as request density 

rises. 

System Stability 

Indicators 

Latency 

Variance 

(ms²) 

0.14 0.63 1.82 Variance shows how consistently 

the system responds under load. 

 Error Rate 

(%) 

0.0 0.2 1.7 Errors rise due to timeouts and 

queue saturation. 

The cumulative effect of these interactions results in 

a latency signature that reflects both system internal 

dynamics and external workload variations. 

Sustained high traffic causes the distribution of 

latency values to expand, while light traffic 

compresses the distribution toward tighter response 

bands. Conversely, mixed workloads, where input 

sizes alternate between small and large shapes, 

produce oscillating timing patterns that reveal how 

effectively the runtime adapts to changing input 

characteristics. These observations provide 

actionable insight into how the system behaves 

under diversified operational conditions and inform 

tuning decisions aimed at minimizing variability 

across the full range of expected workloads. 

 

Ultimately, workload sensitivity analysis enables 

engineers to identify performance thresholds, stress 

points, and configuration limits within Java based 

inference systems. By examining how the runtime 

behaves across different load intensities, developers 

can predict where instability is likely to arise and 

which components require targeted tuning. These 

insights support the creation of more resilient 

serving architectures that maintain consistent 

response times even when workloads fluctuate 

unpredictably. The results also inform capacity 

planning, resource allocation strategies, and the 

design of autoscaling policies that align system 

behavior with real time demand patterns. 

 

VII. Case Studies 
 

Real Time Fraud Detection Pipeline in a Financial 

Services Platform 

The fraud detection pipeline of a large financial 

institution provides a clear illustration of how Java 

based inference systems respond under high volume 

streaming workloads. The service processes 

thousands of transaction events per second, each 

requiring rapid classification to determine whether 

the transaction can proceed or should be flagged for 

manual review. During peak trading windows, the 

volume of transactions surges abruptly, placing 

significant pressure on both the Java thread pools 

and the underlying ONNX Runtime execution layer. 
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Engineers observed that latency variations began 

forming at the preprocessing stage, where JSON 

formatted transaction data was parsed and 

transformed into tensors suitable for evaluation. 

These variations widened during busy periods, 

reflecting how front-end input handling shifted 

under intense load. 

 

As the workload intensified, garbage collection 

events became more frequent due to rapid object 

turnover from input conversion. Short but recurring 

pauses caused inference windows to drift and 

overlap, creating timing discrepancies that 

propagated through the pipeline. These 

discrepancies were amplified at the JNI boundary, 

where multiple concurrent transitions began 

competing for CPU resources. Detailed tracing 

revealed that the most significant slowdowns 

coincided with bursts of small transactions arriving 

simultaneously, creating transient spikes in JNI 

transition costs that resulted in intermittent tail 

latency. 

 

The native execution layer showed further sensitivity 

as operator workloads scaled. Because the fraud 

detection model contained branching logic and 

attention-based components, its operator execution 

patterns varied depending on the complexity of each 

transaction. Under sustained peak demand, operator 

execution times increased and produced a broader 

latency distribution. The most severe delays 

appeared during moments when native threads and 

Java threads simultaneously reached high saturation 

levels, pushing the system toward a threshold where 

thread contention emerged as the dominant 

performance constraint. 

 

To address these issues, engineers introduced 

adaptive tuning strategies, adjusting ONNX Runtime 

session parameters and reconfiguring Java thread 

pools to reduce contention. Memory arenas were 

expanded to support faster reuse during peak bursts, 

and preprocessing pathways were streamlined to 

reduce transient allocation pressure. After these 

optimizations, the pipeline delivered more stable 

latency profiles even during periods of extreme 

transaction volume, demonstrating the practical 

value of integrating runtime centric tuning with Java 

side performance engineering. 

 

Recommendation Engine for a Large E Commerce 

Platform 

A major e-commerce company integrated ONNX 

Runtime into its Java based recommendation service 

to support real time personalization. The system 

generated recommendations for users as they 

navigated the platform, requiring inference calls to 

be executed within tight response windows to 

maintain interface fluidity. Under typical browsing 

patterns, the system performed reliably, but 

performance degradation appeared during 

promotional events when user activity surged 

dramatically. Latency fluctuations first emerged at 

the Java preprocessing layer, as diverse product 

metadata and behavioral signals were aggregated 

into tensors. The variability in metadata structure 

created inconsistent preprocessing durations, which 

became more evident as request density increased. 

 

Garbage collection behavior shifted noticeably 

during promotional surges. Frequent object creation 

led to higher allocation rates, increasing the number 

of minor collections. These collections momentarily 

slowed down the delivery of tensors into the native 

layer. Combined with increased JNI boundary 

transitions, the system experienced growing tail 

latency even before operator execution became a 

limiting factor. Engineers found that although the 

recommendation model was relatively lightweight, 

the interaction between preprocessing and 

boundary transition costs created a recurring pattern 

of performance drops during promotional periods. 

 

Inside ONNX Runtime, operator execution times 

responded to varying tensor sizes and embedding 

vector dimensions. During normal traffic, these 

differences were minimal, but during high load, the 

model frequently received inputs containing 

additional contextual features that expanded the 

processing footprint. Native threads completed their 

work efficiently under low concurrency, but as Java 

thread utilization climbed, execution timing shifted 

unpredictably due to CPU contention. The 

combination of input variability and thread pressure 



 Sriram Ghanta, International Journal of Science, Engineering and Technology, 

 2020, 8:4 

 

14 

 

 

created visible oscillations in inference performance 

during the busiest shopping intervals. 

 

To stabilize the system, engineers adopted targeted 

optimizations focused on reducing JNI transition 

overhead and improving buffer reuse. They 

restructured preprocessing logic to minimize the 

number of temporary objects created per request 

and increased memory arena sizes inside ONNX 

Runtime sessions. These adjustments produced 

smoother latency curves during promotional events 

and enabled the recommendation engine to 

maintain real time responsiveness even when user 

interactions reached peak levels. 

 

 
Figure 6: Recommendation System 

 

 Industrial IoT Predictive Maintenance System 

An industrial IoT platform deployed a predictive 

maintenance solution built on Java services and 

ONNX Runtime to evaluate sensor streams from 

machines operating in remote plants. The system 

required timely inference to detect early signs of 

motor failure, vibration anomalies, or thermal drift. 

During routine operation, the workload remained 

steady, with sensor batches arriving at predictable 

intervals. However, during periods of environmental 

instability or mechanical stress, sensor streams 

intensified, causing bursts of high frequency data 

ingestion. These bursts placed unexpected pressure 

on the Java side preprocessing pipeline, where 

multidimensional arrays and continuous sensor 

readings required rapid normalization and 

conversion. 

 

Memory pressure grew significantly during these 

bursts. Java heap utilization increased due to the 

creation of intermediate buffers and transformation 

objects, triggering more frequent garbage collection 

events. These events created small interruptions that 

delayed the handoff of sensor data into the native 

ONNX Runtime layer. Latency variations became 

visible during the transition phase, where JNI 

boundary crossings experienced micro stalls due to 

increased concurrency. Engineers observed that 

these stalls became especially pronounced when the 

sensor data contained variable length sequences or 

rapidly shifting dimensional patterns. 

 

Operator execution inside ONNX Runtime also 

responded to the dynamic nature of the input data. 

The predictive maintenance model relied on 

convolutional and recurrent elements, which reacted 

differently depending on the temporal length of the 

incoming sensor batch. During high activity periods, 

operator execution required additional buffer 

reshaping and dynamic padding operations, 

extending execution times and producing spikes in 

inference latency. Native threads began to compete 

with Java level monitoring components, revealing 

how intertwined system telemetry tasks and 

inference computation became under stress. 

 

Stability improved after targeted optimization 

strategies were applied. Engineers reduced Java 

based buffer copying, refined data ingestion logic to 

minimize unnecessary allocations, and configured 

ONNX Runtime to maintain larger persistent 

memory arenas. This approach reduced the 

frequency of native reallocations and smoothed 

execution times across varying workload conditions. 

The result was a more reliable predictive 

maintenance system capable of maintaining real 

time anomaly detection even during periods of 

elevated sensor turbulence. 
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Healthcare Decision Support System for Clinical 

Risk Scoring 

A healthcare provider deployed a Java based clinical 

risk scoring system backed by ONNX Runtime to 

evaluate patient data in real time during hospital 

admissions. The system processed structured and 

unstructured patient data, requiring rapid scoring to 

assist clinicians in identifying high risk cases. Under 

normal hospital conditions, request volumes were 

manageable, and the inference system performed 

consistently. However, during seasonal surges or 

emergency events, patient throughput increased 

significantly, leading to demand fluctuations that 

exposed the sensitivity of the serving pipeline to 

varied input loads. 

 

Preprocessing became a clear bottleneck during 

these surges. Incoming patient records contained 

differing levels of completeness, requiring additional 

parsing, validation, and transformation before being 

passed to the runtime. These variations intensified 

object creation patterns and introduced Java heap 

churn that triggered additional garbage collection 

cycles. As more records entered the system 

concurrently, latency variations formed at the 

preprocessing stage and expanded as inputs moved 

into the native execution pipeline. 

 

JNI boundary transitions exhibited increasing 

overhead during high patient volume periods. The 

variability of patient record size, combined with 

frequent transitions into the native execution layer, 

caused boundary level delays that compounded the 

timing discrepancies already introduced at the Java 

layer. Within ONNX Runtime, operator processing 

times stretched due to the complexity of the clinical 

model, which incorporated multiple branching logic 

paths and feature extraction components. These 

operations required predictable execution cycles, 

but under load, native thread competition caused 

intermittent slowdowns. 

 

Stabilization efforts focused on reducing data 

transformation overhead and introducing workload 

aware tuning strategies. Engineers optimized session 

memory, expanded buffer reuse policies, and refined 

preprocessing to eliminate redundant structure 

validation. After these refinements, the clinical 

decision support system maintained a more 

consistent response time profile across varying 

patient admission rates, supporting clinicians with 

timely insights even during operational surges. 

 

VIII. CONCLUSION & FUTURE WORK 
 

The analysis presented across the earlier sections 

illustrates how real time machine learning 

performance on Java platforms emerges from a 

layered interaction of architectural constraints, 

thread behavior, memory pathways, and native 

execution patterns. As these systems evolve to 

support more complex models and higher demand 

variability, the consistency of inference response 

times becomes increasingly dependent on 

understanding how each structural layer influences 

the others.  

 

The findings demonstrate that achieving low latency 

is not solely a product of efficient model execution 

at the native level but a consequence of aligning Java 

service behavior, session configuration logic, and 

runtime level optimization into a unified 

performance strategy. This integrated perspective 

forms the basis for designing systems that remain 

responsive under unpredictable operational stresses. 

Throughout the study, clear patterns emerged 

showing that latency formation is rarely the result of 

a single performance bottleneck. Instead, it develops 

as a multistage phenomenon shaped by how data 

flows through the Java preprocessing pipeline, 

crosses the JNI boundary, engages with ONNX 

Runtime operators, and competes with other system 

tasks.  

 

This realization shifts the viewpoint of system 

architects from isolated tuning efforts to broader, 

system-wide considerations that account for 

interactions across the full execution journey. Such 

insights highlight the importance of treating low 

latency design as an architectural discipline rather 

than a set of narrowly targeted micro-optimizations. 

The empirical observations from workload sensitivity 

patterns reinforce the need for dynamic 

configuration strategies that adapt to shifting traffic 

conditions. Under stable workloads, default 

configurations may produce acceptable 
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performance, but as concurrency or input complexity 

rises, those same settings may result in 

unpredictable behavior. This motivates the use of 

adaptive tuning methods where thread counts, 

memory arenas, and execution modes adjust 

according to real time signals from the system. These 

strategies allow the serving pipeline to maintain 

stable performance even when workloads display 

sudden spikes or fluctuations, ensuring that 

inference latency stays within acceptable boundaries 

during both routine and peak operation. 

 

Case study evidence further reveals that different 

industries experience unique expressions of latency 

pressure, depending on the nature of their data, 

request patterns, and operational tempo. Financial 

systems face sudden transaction bursts, e-commerce 

platforms encounter fluctuating user interactions, 

IoT systems process irregular sensor batches, and 

healthcare environments deal with unpredictable 

surges in clinical data. Despite these differences, a 

common theme connects all scenarios: the sensitivity 

of Java based pipelines to interaction effects 

between preprocessing, boundary transitions, and 

native execution. Recognizing these shared patterns 

enables the formulation of cross domain design 

principles that improve system resilience regardless 

of the specific application context. 

 

A notable implication of the findings is the value of 

observability as a long-term stability mechanism. 

Without detailed visibility into operator timing, 

thread contention, memory pressure, and boundary 

cost, engineers lack the ability to diagnose the 

hidden mechanisms that drive latency. Integrating 

fine grained monitoring across both Java and native 

layers transforms inference performance from an 

unpredictable byproduct of runtime behavior into a 

measurable and tuneable characteristic of the 

system. This level of observational rigor allows teams 

to identify slow forming performance regressions 

and intervene before they manifest as user facing 

issues. 

 

The study also highlights the importance of 

designing systems that balance parallelism with 

predictability. While native threads can accelerate 

operator execution, excessive or poorly coordinated 

parallelism introduces competition that undermines 

latency goals. Strategic calibration of concurrency at 

both Java and ONNX Runtime layers ensures that 

computational resources are used effectively without 

pushing the system into contention territory. This 

balance is essential for real time inference pipelines 

where consistency often matters more than 

maximizing throughput. 

 

Looking across the entire analysis, the long-term 

implication for system architects is the need to view 

low latency inference systems as living structures 

that evolve with their workloads. Models change, 

user patterns shift, and hardware conditions 

fluctuate over time, making static configuration 

insufficient. The most resilient systems are those that 

incorporate mechanisms for ongoing adjustment, 

continuous validation, and regular refinement of 

session level and system level parameters. This 

perspective turns model serving into an iterative 

engineering practice supported by feedback loops 

rather than a one time optimization effort. 

 

In conclusion, real time inference on Java platforms 

achieves stability and predictability only when 

architectural alignment, careful tuning, and adaptive 

configuration strategies work together. The layered 

nature of latency formation requires a holistic 

approach, extending from Java thread dynamics to 

native operator scheduling and memory 

management. By applying the insights from this 

study, engineers can design Java based intelligent 

systems that maintain consistent responsiveness 

across diverse environments, enabling reliable 

machine learning powered decision making in 

domains where timing precision is essential. 
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