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ABSTRACT
This paper presents a groundbreaking research initiative that fo-
cuses on the development of an intelligent architecture for Adaptive
Virtual Reality Systems (AVRS) in immersive virtual environments.
The primary objective of this architecture is to enable real-time
artificial intelligence training and adapt the virtual environment
based on user states or external parameters. In a case study focused
on detecting cybersickness, an undesired side effect in immersive
virtual environments, we utilized this architecture to train an arti-
ficial intelligence model and personalize it for individual users in
a driving simulator application. By leveraging the capabilities of
this architecture, we can optimize virtual reality experiences for
individual users, leading to increased comfort. We evaluated the
system’s performance in terms of memory usage, CPU and GPU
usage, temperature monitoring, frame rate, and network perfor-
mance, and our results demonstrated the efficiency of our proposed
architecture.

CCS CONCEPTS
• Computer systems organization → Real-time system archi-
tecture.
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1 INTRODUCTION
Advanced technologies such as Adaptive Virtual Reality Systems
(AVRS) have revolutionized the Virtual Reality (VR) experience by
dynamically tailoring it to individual preferences and requirements.
This adaptive process optimizes immersion and satisfaction, pro-
moting accessibility and accommodating diverse user profiles in
real-time.

The integration of Artificial Intelligence (AI) into VR applica-
tions has contributed significantly to enriching the overall user
experience. Leveraging AI algorithms and techniques [16], VR appli-
cations can intelligently analyze and interpret user inputs, enabling
more sophisticated and dynamic interactions within virtual environ-
ments. AI, acting as adaptive logic, facilitates real-time adaptation
and personalization of the VR experience.

However, AI training for personalizing the VR experience often
happens offline before deploying the VR application. The model
learns from historical user data and can adapt in real-time using user
data collected during interactions. However, this approach lacks
real-time learning and adaptation within a closed-loop system. The
offline-trained model may not capture dynamic changes or evolving
user preferences, leading to suboptimal recommendations. It may
also struggle with novel data patterns or user behaviors, potentially
resulting in inaccurate adaptations.

The majority of studies on AVRS have commonly utilized super-
vised learning algorithms, such as Deep Neural Network (DNN)
[9] or random forest [1], as the adaptive logic. With supervised
learning, the algorithm is initially trained on a dataset, known as
the training data, to learn relationships between input and output
values. It can then predict output values, such as workload level,
scenario difficulty, or performance, based on the learned patterns
from the training data. However, creating a suitable training dataset
can be costly or unfeasible in certain domains, such as rehabilitation.
To address this challenge, reinforcement learning (RL) and deep
reinforcement learning (DRL) have been employed. For instance,
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Tsiakas et al. [19] utilized RL for adaptive VR training in rehabil-
itation scenarios. Mao et al. [14] used DRL to plan and execute
disassembly sequences for the VR maintenance training system.
Nevertheless, RL and DRL training can be computationally demand-
ing and time-consuming, particularly when dealing with complex
environments and large state or action spaces. Real-time training
may require substantial computational resources to process and
learn from interactions with the environment.

To address these challenges, we have developed and implemented
an AVRS architecture called SmartSimVR. This architecture effec-
tively integrates multiple concurrent processes with AI technology,
enabling real-time analysis of data and continuous self-training of
the AI system. By minimizing data collection and leveraging person-
alized training, our architecture significantly enhances efficiency
and effectively addresses specific challenges in VR applications.

2 ARCHITECTURE KEY FEATURES
To bridge the gap between intelligent VR application training and
real-time adaptation our team developed an advanced architecture
based on four fundamental components.

• Distribution: The integration involves distributing the ar-
chitecture’s modules across multiple systems, with the VR
application on one system and the AI module on another.
Various methods, such as TCP/IP, HTTP requests, and mes-
sage queues, enable smooth data transfer between the two,
ensuring efficient and reliable communication.

• Concurrent Processes: The real-time auto-adaptation sys-
tem relies on a well-designed multi-threaded architecture for
efficient data processing. This architecture utilizes concur-
rent processes to handle dynamic adaptive VR applications,
ensuring real-time adaptation based on user inputs and en-
vironmental changes.

• Shared Virtual Memory System: Shared virtual memory
system is employed to enable smooth transitions and syn-
chronized data sharing among concurrent processes, includ-
ing the AI module. This mechanism facilitates efficient coor-
dination and collaboration between components, improving
overall performance by reducing inter-process communica-
tion overhead.

• Stream Learning as the Adaptive Logic: Our architec-
ture utilizes a Stream learning [2] approach, which involves
incremental learning from a continuous data stream. Unlike
batch learning methods, which process the entire dataset at
once, stream learning trains the model sequentially on in-
dividual or small groups of observations (see Figure1). This
approach is advantageous for real-time applications with
limited computing resources and rapid changes. By contin-
uously updating its knowledge, our architecture ensures
timely decision-making in dynamic environments, making
it highly effective for real-time adaptation and efficient re-
source utilization.

3 CASE STUDY
To delve into the realm of intelligent auto-adaptation in VR, we
conducted a research study focused on implementing a driving
simulator as the target application of interest. The integration of AI

Figure 1: Stream Machine Learning

technology with the VR application is visually depicted in Figure
2, providing an overview of the underlying concept. Our team
meticulously crafted a virtual driving simulation set within a city
scene. Participants actively immersed themselves in the virtual
environment, maneuvering through the carefully designed streets.
This virtual environment was thoughtfully constructed to form
a continuous loop, ensuring a seamless and immersive driving
experience.

The primary objective of our research was to address the chal-
lenge of cybersickness, also known as visually induced motion
sickness (VIMS) [15] or simulation sickness. Cybersickness is a
prevalent issue encountered during VR navigation and bears a
resemblance to traditional motion sickness. It manifests through
various symptoms, including nausea, discomfort in eye movements,
and a sense of disorientation [4]. To mitigate the problem of cyber-

Figure 2: Overview of the driving simulation experiment
based on auto-adaptation

sickness, we implemented our proposed architecture for real-time
adaptation of the virtual environment, utilizing user state as a de-
termining factor. The evaluation of cybersickness involves both
subjective and objective measures employed by researchers [17].
Subjective evaluation entails participants completing a question-
naire regarding their experiences with VR tasks. Questionnaires
such as the motion sickness questionnaire (MSQ) [5], Simulator
Sickness Questionnaire (SSQ) [10], FastMotion Sickness Scale (FMS)
[11], and VR sickness questionnaire (VRSQ) [12] are utilized to cap-
ture their subjective impressions of cybersickness. On the other
hand, objective evaluation entails monitoring participants’ physio-
logical responses during their engagement in virtual environments.
Measurements such as postural sway [3], electrodermal activity
(EDA) [18][8], electroencephalogram (EEG) [13], and electrocardio-
gram (ECG) [6] are recorded to analyze the occurrence and severity
of cybersickness.

In our experiment, we incorporated objective measures that
encompassed both physiological indicators and behavioral mea-
surements. As part of the behavioral measurements, we recorded
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participants’ head movements to capture their physical responses
during the experiment. To gain further physiological insights into
participants’ eye movements, we collected eye tracker data. Par-
ticipants wore a Meta Quest Pro head-mounted display (HMD)
equipped with an eye tracker for this purpose as is shown in Figure
3. In our study, we expanded the range of physiological indicators

Figure 3: Experimental setup for the study with Meta Quest
Pro head-mounted display (HMD) andEmpatica E4wristband
attached to a participant.

by utilizing an Empatica E4 wristband worn by participants. This
wristband is equipped with high-quality sensors, including Gal-
vanic Skin Response (GSR), blood volume pressure (BVP), heart
rate (HR), and temperature (TEM) sensors. Additionally, we com-
puted longitudinal (LG) and rotational (RT) accelerations based on
the recorded navigation speed. The data from the wristband was
transmitted to a server computer via Bluetooth. To assess partic-
ipants’ level of sickness, they were prompted with an automated
audio cue asking for their score at one-minute intervals (FMS Scale).
Participants verbally expressed their sickness level on a predefined
scale, which they were trained on before the experiment.

4 IMPLEMENTATION
Figure 4 provides a comprehensive overview of the details of cus-
tomized SmartSimVR and showcases the hardware and software
components. This software operates as a distributed application,
utilizing a TCP/IP socket for efficient communication and data
exchange between the client and server components. For a more
comprehensive understanding of the system’s modules and the flow
of data within, it is recommended to refer to the detailed documen-
tation provided in [7]. This resource delves into the intricacies of
our system, elucidating the functionalities and interdependencies
of its various components.

• Client Side: The client side consists of two important com-
ponents: the VR Application and the E4 Streaming Server.
The VR Application provides an immersive virtual reality
experience and captures eye tracker data and head move-
ment data. The E4 Streaming Server establishes a Bluetooth
connection with the E4 wristband worn by participants to
stream physiological data in real time.

• Server Side: The server side incorporates several compo-
nents: Automatic Speech Recognition (ASR) for voice-based

interactions, a DataTCPClient for receiving eye tracker and
head movement data, an E4TCPClient for receiving data
from the E4 Streaming Server, a PreProcessing Module that
synchronizes data from different sensors, an AIModule with
a binary classifier for classification based on the FMS scale,
and a Adaptation Module that halts validation when sickness
is detected. Adaptive variables such as accelerations are used
to mitigate cybersickness.

5 EXPERIMENTAL SETUP
To evaluate the real-time performance of our distributed application,
an experimental setup was established with specific hardware and
software configurations. The client side, developed using Unity3D,
was deployed on a high-performance workstation running Win-
dows 10 Pro 64bit version 22h2. The workstation was equipped with
an 11th Gen Intel Core i7-11800H processor, 32GB of RAM, and
an NVIDIA GeForce RTX 3080 Laptop GPU graphics card. These
hardware specifications provided sufficient computing power and
graphics capabilities to render the immersive driving simulator
environment in real-time.

On the server side, Python 3.8 was utilized as the backend. The
server ran on a dedicated machine powered by an Intel Core i7-
7700HQ processor, 16GB of RAM, and a high-speed solid-state drive.
The server machine was connected to the client workstation via
a local area network (LAN) with 543 MB Ethernet connections to
ensure fast and reliable communication.

6 RESULT AND DISCUSSION
The performance evaluation of our system yielded valuable insights
into its efficiency. As illustrated in Table 1, we conducted an exten-
sive analysis of various performance metrics on both the client and
server sides to assess the application’s overall performance. The
metrics measured during the 10 minutes of AI training included
Memory Usage (MB), CPU Usage, GPU Usage, CPU temperature,
Frames Per Second (FPS) for the client application, as well as the
amount of Data Sent (MB) and Data Received (MB). The reported
results in the table represent the average values obtained from the
8 cores in the server system and 16 cores in the client system.

Additionally, we conducted an in-depth investigation into the
response times of various server-side artifacts involved in the AI
training cycle, spanning from the moment of voice reception to
the completion of training, throughout the 10-minute AI training
phase. Figure 5 exclusively showcases the response time of the most
time-consuming module, namely the ASR module, alongside the
total AI training response time. This analysis provides valuable
insights into the application’s efficiency and responsiveness across
different scenarios.

The memory and CPU usage analysis reveals interesting patterns
on both the server and client sides. On the server side, the ASR.py
module has lowmemory usage (28.58 MB) and minimal CPU utiliza-
tion (0.05%). DataTCPClient.py and E4TCPClient.py showmoderate
memory usage (80.35 MB and 34.40 MB, respectively) with low CPU
usage (0.22% and 12.05%, respectively). However, the AIModule.py
stands out with higher memory usage (226.15 MB) and CPU usage
(12%). On the client side, the IntelligentDS.exe application exhibits
higher memory usage (280.83 MB) and CPU utilization (18.99%). It
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Figure 4: Hardware and software components of the implemented distributed system architecture.

Table 1: Performance Analysis

Artifact Memory Usage
(MB) CPU Usage GPU Usage FPS Data Sent

(MB)
Data Received

(MB) CPU Temperature

Se
rv
er

ASR.py 28.58 0.05% 0 - 884.42 3073.93

85.8◦CDataTCPClient.py 80.35 0.22% 0 - 891.11 3108.16
E4TCPClient.py 34.40 12.05% 0 - 891.14 3107.16
AIModule.py 226.15 12% 0 - 888.76 3094.20

Cl
ie
nt

IntelligentDS.exe 280.83 18.99% 40.57% 78 4925.22 6009.92 64.41◦C

Figure 5: Server-side Response Time during 10 Minutes of AI
Training: Total Response Time and ASR Response Time

also utilizes the GPU significantly, with a reported usage of 40.57%.
These findings suggest that the server-side modules have efficient
memory and CPU usage, while the client-side application requires
relatively higher resources, including GPU usage, which is expected
as the VR application runs on the client system.

The temperature monitoring results provide insights into the
thermal performance of the system. The server system operates at
a relatively high temperature of approximately 85.8°C, indicating
potential thermal stress. In contrast, the client system maintains a
lower CPU temperature of 64.41°C. It is essential to monitor and
manage the temperature of the server system to ensure system sta-
bility and prevent thermal throttling or performance degradation.

The analysis of network performance, including data sent and
data received shows consistent values across the server-side arti-
facts. The ASR.py, DataTCPClient.py, E4TCPClient.py, and AIMod-
ule.py demonstrate similar levels of data transfer with minor vari-
ations in the range of a few megabytes. On the client side, the
IntelligentDS.exe application exhibits higher amounts of data sent
(4925.22MB) and data received (6009.92MB). These findings suggest
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that the client-side application requires more extensive communi-
cation with the server-side modules, likely due to AI training and
adaptation processes.

The analysis of response time reveals that the ASR.py mod-
ule is the most time-consuming aspect (Figure 5). The response
time of ASR.py is heavily influenced by the Internet speed as it
relies on the Google ASR service. The process involves uploading
voice data to Google Cloud Storage, sending requests to the Google
ASR service endpoint, receiving and processing responses, error
handling, repeating the cycle in case of failures, and performing
post-processing.

In general, the complete cycle of AI training, which includes
voice reception, data collection from eye and head trackers, physio-
logical data acquisition through the Empatica E4 wristband, dataset
creation, pre-processing, and AI training, has a response time rang-
ing from 2.5 seconds to 9.2 seconds, which is within the acceptable
range of less than 1 minute in our system.

The findings emphasize the importance of optimizing the re-
sponse time of the ASR.py module to improve the overall efficiency
of the AI training cycle. Improving the Internet speed can poten-
tially reduce the response time associatedwith ASR.py. Additionally,
optimizing the data handling and processing steps within the mod-
ule can lead to more efficient execution and further reduction in
response time.

7 CONCLUSION AND FUTUREWORK
In this groundbreaking research initiative, we have developed an
intelligent architecture for immersive virtual environments. The
architecture addresses real-time AI training and adapts the virtual
environment based on user state and external parameters. Through
a case study focused on cybersickness detection and mitigation, we
successfully trained an AI model in real-time and personalized it
for individual users in a driving simulator application.

The distributed architecture offers benefits such as efficient data
exchange, real-time adaptation, and optimized resource utilization.
Our analysis of system efficiency and performance characteristics,
including memory, CPU, and GPU usage, temperature monitoring,
FPS, network performance, and response time provides valuable
insights.

Future work involves optimizing the ASR.py module for im-
proved efficiency and timely AI training. Additionally, we plan to
analyze the scalability of our system. Furthermore, the proposed
architecture holds potential for enhancing various aspects of vir-
tual reality experiences beyond cybersickness mitigation. Future
research can explore applications in adaptive training simulations,
personalized gaming experiences, and real-time user feedback sys-
tems.
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