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Abstract

Long-duration augmented reality (AR) applications often exhibit gradual
runtime state drift caused by cumulative resource contention,
asynchronous service interactions, and sensor-rendering pipeline
imbalance. Such drift can significantly degrade system responsiveness
and lead to intermittent failures that are difficult to diagnose through
conventional log inspection. This study proposes a runtime state drift
modeling framework that combines temporal log embedding, system
telemetry correlation, and drift-aware sequence modeling to characterize
performance degradation in extended AR sessions. The framework
constructs joint representations from system logs, GPU utilization traces,
memory allocation records, and frame latency metrics. Experiments were
conducted using a dataset containing 92 hours of AR runtime traces from
138 testing sessions, generating over 64 million log events. The proposed
method identifies drift patterns using a hybrid Transformer—LSTM
architecture with temporal attention. Results show that the approach
improves drift detection accuracy to 91.3%, outperforming statistical
baseline models by 17.6%, while reducing average diagnostic latency by
34%. Furthermore, correlation analysis reveals that rendering pipeline
synchronization and memory fragmentation account for over 46% of
long-session performance degradation events. The proposed modeling
approach provides an effective tool for understanding runtime
degradation mechanisms and improving system observability in AR
platforms..
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INTRODUCTION

Augmented reality (AR) systems have developed rapidly in recent years with progress in mobile
computing, real-time rendering, sensor integration, spatial perception, and wireless
communication. AR applications are no longer limited to short interactive tasks. They are
increasingly used in industrial training, remote collaboration, medical guidance, immersive
simulation, equipment maintenance, and field operation support. These scenarios often require
long-duration sessions in which users continuously interact with virtual objects, physical
environments, and networked services. Under such conditions, system stability over time becomes
a critical issue. Unlike short tasks, long AR sessions involve sustained resource occupation,
continuous sensor sampling, repeated rendering cycles, frequent interaction events, and ongoing
communication between software and hardware components. These processes may gradually
introduce latency fluctuation, frame instability, thermal pressure, memory growth, and interaction
delay, leading to performance degradation that is difficult to detect at an early stage [1,2]. In
AR/VR systems, service convergence architecture provides an important reference for
understanding how sensing, rendering, interaction, communication, and application services are
coordinated within a unified system framework [3]. This also indicates that long-session reliability
analysis should not examine isolated runtime indicators only, but should consider cross-layer
service interactions and their cumulative effects. Existing studies on AR system performance
mainly focus on rendering efficiency, energy consumption, latency control, and computation
offloading [4,5]. Adaptive rendering, frame-rate adjustment, edge-assisted computation, and
resource-aware scheduling have been used to improve user experience and reduce system load
during AR operation [6,7]. At the system level, logging and monitoring tools collect runtime
information such as error logs, telemetry metrics, frame latency, GPU usage, memory
consumption, and trace events [8,9]. These data are useful for describing system behavior at a
specific time point and identifying obvious failures. However, most existing methods pay limited
attention to long-term state evolution. They usually evaluate performance through short
experiments or isolated benchmarks, which cannot fully reveal cumulative degradation during
prolonged AR sessions. As a result, subtle drift patterns, such as gradual frame-delay
accumulation, slow memory pressure increase, unstable rendering synchronization, and
intermittent sensing-service conflict, may remain hidden until user experience is clearly affected
[10,11]. Log analysis and anomaly detection have been widely studied in software and cloud
systems. Deep learning models, including recurrent neural networks, attention-based architectures,
and Transformer models, have been applied to learn sequential patterns from system logs and
identify abnormal events [12,13]. Recent studies further combine logs, metrics, and traces to
improve diagnosis accuracy and support system-level fault localization [14,15]. These methods
have shown good performance in cloud platforms because cloud services often have relatively
standardized logs, stable monitoring pipelines, and clear service boundaries. AR systems are
different. They depend on close coordination among sensing, rendering, tracking, interaction,
network communication, device control, and application logic. Runtime states may change quickly
with user movement, environmental conditions, scene complexity, and hardware status. Therefore,
models designed for cloud services may not directly capture the coupled and context-sensitive
behavior of AR systems. Performance drift in long-running systems is another related research
topic. Previous studies have shown that resource contention, memory fragmentation, cache
pressure, scheduling delay, thermal throttling, and background service interference can cause
gradual degradation over time [16,17]. Time-series modeling, change-point detection, and trend
analysis have been used to track these changes [18,19]. However, many existing approaches rely
on coarse system metrics and provide limited interpretation of internal component interactions.
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For AR applications, this limitation is particularly important because user-perceived quality
depends on the synchronized behavior of multiple subsystems. A temporary increase in GPU
usage, a small delay in sensor processing, or a slight mismatch between tracking and rendering
may not appear as an immediate anomaly, but their repeated accumulation can lead to visible drift
in frame stability, interaction smoothness, and spatial consistency. Thus, AR reliability analysis
requires a finer-grained method that can connect runtime signals with cross-layer system behavior.
Current research still has several limitations. Many studies use small datasets or short-duration
experiments, making it difficult to reflect long-session runtime behavior in real application
scenarios [20,21]. Logs, metrics, and traces are often analyzed separately, which weakens the
ability to identify relationships among symptoms, system states, and underlying causes [22]. Most
methods focus on detecting sudden anomalies rather than modeling gradual state drift, so early
degradation signals are often missed. In addition, limited attention has been paid to specific causes
of AR performance decline, such as rendering synchronization delay, memory allocation pressure,
tracking instability, sensor-service conflict, GPU workload fluctuation, and network-induced
interaction delay. These limitations restrict the practical value of existing monitoring methods for
long-duration AR applications. To address these problems, this study proposes a runtime state drift
modeling method for long-duration AR sessions. The proposed method integrates log
representation, telemetry correlation, and sequence modeling to build a unified runtime-state view
from heterogeneous system data, including logs, GPU usage, memory consumption, frame latency,
trace events, and interaction records. A hybrid Transformer—LSTM model is used to capture both
local temporal dependencies and long-range evolution patterns, allowing the system to identify
gradual drift before it develops into obvious failure. The purpose of this study is not only to detect
abnormal runtime states, but also to describe how performance degradation emerges, accumulates,
and relates to specific system components during long AR sessions. The significance of this study
lies in providing a practical reliability analysis framework for long-duration AR applications. By
modeling runtime state drift from multi-source system data, the proposed method helps reveal
hidden degradation patterns that cannot be captured by single-metric monitoring or short-session
testing. It also supports more accurate identification of key factors affecting AR stability, such as
rendering synchronization, memory allocation behavior, GPU workload variation, and interaction
latency. This study provides technical support for early warning, runtime optimization,
maintenance decision-making, and system architecture improvement in AR environments. It also
extends reliability analysis from static anomaly detection to dynamic degradation understanding,
which is important for improving the stability, maintainability, and user experience of AR systems
in industrial, medical, collaborative, and immersive application scenarios.

2.Materials and Methods

2.1 Sample and Study Setting

The dataset used in this study was collected from long-duration augmented reality (AR) sessions
conducted under controlled testing conditions. A total of 138 sessions were recorded, with a
cumulative runtime of approximately 92 hours. Each session involved continuous interaction with
an AR application on head-mounted devices equipped with integrated sensors and GPU-based
rendering pipelines. The experimental setup covered a range of typical usage scenarios, including
object manipulation, spatial navigation, and multi-step task execution. System logs, GPU
utilization records, memory allocation data, and frame latency metrics were continuously captured
during runtime. In total, more than 64 million log events were collected. The dataset reflects real
operating conditions, including background services, asynchronous system calls, and varying
workload intensity.
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2.2 Experimental Design and Control Setup

The experiment was designed to compare the proposed drift modeling method with baseline
approaches commonly used in system monitoring. The experimental group applied the joint
modeling framework that integrates log data and system telemetry. The control group included
statistical models based on moving averages and threshold-based detection, as well as a sequence
model using a single LSTM architecture. All models were trained and evaluated on the same
dataset to ensure consistency. The dataset was divided into training and testing sets using a session-
level split to avoid temporal leakage. The evaluation focused on drift detection accuracy, response
time, and stability under different workload conditions. This design allows a direct comparison
between traditional methods and the proposed approach in terms of their ability to capture gradual
performance changes.

2.3 Measurement Methods and Quality Control

System measurements were collected using built-in monitoring tools and custom logging modules
integrated into the AR runtime environment. GPU utilization was sampled at fixed intervals, while
memory allocation and release events were recorded through system-level hooks. Frame latency
was measured as the time between frame submission and display output. Log data included
timestamps, event types, and service identifiers. To ensure data quality, all timestamps were
synchronized using a unified system clock. Missing or incomplete records were filtered during
preprocessing. Noise in the data was reduced by removing duplicate log entries and applying basic
smoothing to high-frequency signals. In addition, multiple sessions were repeated under similar
conditions to verify consistency. Data integrity checks were performed before model training to
ensure that the dataset accurately reflects runtime behavior.

2.4 Data Processing and Model Formulation

Data preprocessing involved log parsing, feature extraction, and temporal alignment of multiple
data sources. Log sequences were converted into numerical vectors using embedding techniques,
while system metrics were normalized to a common scale. The processed data were then organized
into time windows for sequence modeling. To quantify performance drift, a drift score D, was
defined based on deviation from a baseline state:

n
1 _
D= n Z |Xi,t'xi|
i=1

where x; represents the value of the i-th metric at time t, and X; is the reference mean under stable
conditions.
In addition, a regression-based formulation was used to model the relationship between system
factors and performance degradation:

Yt:BO+Bl Gt+Bth+B3 Lite
where Y, denotes frame latency, G, represents GPU utilization, MtM_tMt denotes memory usage,
and L, corresponds to log-derived features. These formulations provide a quantitative basis for
analyzing drift patterns and identifying key contributing factors.

2.5 Evaluation Metrics and Implementation Details

Model performance was evaluated using standard classification and time-based metrics. Drift
detection accuracy was measured by comparing predicted drift states with labeled ground truth.
Precision, recall, and F1-score were also calculated to assess detection quality. Diagnostic latency
was defined as the average time between the onset of drift and its detection. All models were
implemented using Python with deep learning libraries, and training was conducted on a
workstation equipped with a dedicated GPU. Hyperparameters were selected based on validation

pg. 49




performance, and the same configuration was applied across experiments to ensure fairness. The
evaluation results were averaged over multiple runs to reduce the effect of randomness.

3.Results and Discussion

3.1 Overall detection performance

The proposed model achieved a drift detection accuracy of 91.3%, which was 17.6% higher than
that of the statistical baseline methods. This result shows that the model can better detect gradual
runtime changes in long AR sessions. Unlike sudden faults, runtime drift usually develops slowly
and becomes more obvious only after a long period of system operation. For this reason, methods
based on fixed thresholds or short-term statistics often miss early drift signals. In contrast, the
hybrid Transformer—LSTM model can capture longer temporal dependence and weak state
changes over time. This makes it more suitable for AR runtime analysis, where performance loss
often appears as a progressive process rather than a single abnormal event [23].

3.2 Effect of multimodal data fusion

The improvement in detection performance was closely related to the use of multiple data sources.
When only log data were used, the model could identify part of the drift process, but the results
were less stable. After combining logs with GPU utilization, memory allocation records, and frame
latency, the model showed better sensitivity to early-stage degradation. This is because some drift
signals do not appear first in log messages. In many cases, small changes in resource use or frame
timing occur earlier than clear log-level warnings. Therefore, joint analysis of logs and telemetry
provides a more complete view of runtime behavior. This result is consistent with recent studies
showing that multimodal monitoring is more effective than single-source analysis for complex
system diagnosis [24]. A similar trend can be seen in Fig. 1, where richer feature representation
improves system-level detection performance.

Input Log Anomaly Detector Output
Preprocessor Parser Vectorizer Classifier
Text Log Sequence Classification Result
Preprocessor OneLog

Fig. 1. Framework of the end-to-end log anomaly detection method.

3.3 Analysis of drift sources

The correlation results show that rendering pipeline synchronization and memory fragmentation
together accounted for more than 46% of the long-session degradation events. This finding
indicates that runtime drift in AR systems is mainly caused by repeated interaction between
rendering, scheduling, and memory management, rather than by one isolated fault source. When
synchronization between sensing and rendering becomes unstable, frame latency begins to
increase and fluctuate. At the same time, memory fragmentation raises allocation cost and reduces
system recovery speed under repeated workload changes. These two factors often appear together
in the later stage of long sessions. The proposed method also reduced the average diagnostic
latency by 34%, which means that drift could be detected earlier than with baseline methods. This
is useful in practice because early detection gives more time for system adjustment before visible
failure occurs [25]. A comparable difference between stronger sequence models and weaker
baseline methods is also shown in Fig. 2.
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Fig. 2. Performance comparison between the proposed method and the baseline methods on the BGL dataset.

3.4 Comparison with previous studies and implications
Compared with previous work, this study places more attention on gradual degradation in long AR
sessions. Many existing studies focus on anomaly detection in cloud systems or public log datasets,
where abnormal events are usually easier to separate from normal states. In contrast, runtime drift
in AR systems develops slowly and often involves several system components at the same time.
This makes the task more difficult. The present results show that combining sequential modeling
with multimodal observability data can improve both detection accuracy and response speed.
These findings are useful for runtime monitoring of AR platforms, especially in applications that
require stable long-session performance. However, this study still has some limits. The
experiments were carried out under controlled testing conditions, and the data came from a limited
set of devices and sessions. Future work should test the method on more hardware platforms, more
application types, and more complex real-world workloads.
4.Conclusion
This study investigated runtime state drift in long-duration augmented reality sessions and
developed a method that combines log sequences, system telemetry, and sequence modeling. The
results showed that the method achieved a drift detection accuracy of 91.3%, outperformed the
baseline methods by 17.6%, and reduced the average diagnostic delay by 34%. The analysis further
showed that rendering pipeline desynchronization and memory fragmentation were the main
sources of performance loss, together accounting for more than 46% of the degradation events.
The main contribution of this work is that it focuses on gradual runtime degradation rather than
only obvious anomalies. By combining logs, GPU traces, memory records, and frame latency in
one framework, the study provides a clearer description of how system state changes over time
and how these changes affect performance stability. These findings are useful for runtime
monitoring and reliability improvement in AR platforms, especially in applications that require
long and stable operation, such as industrial training, remote support, and immersive simulation.
However, this study still has some limitations. The experiments were carried out under controlled
conditions, and the dataset was limited in device types and test settings. Future work should include
more hardware platforms, more workload types, and real user environments, and should further
examine the method in online deployment. In summary, this study provides useful evidence for
understanding performance degradation in AR systems and offers a practical approach for system
monitoring and performance improvement in long-duration AR applications.
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