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Abstract: The paper proposes a prototype of a multimodal Al workspace, W.E.D.N.E.S.D.A.Y., a union of text, voice, gesture,
camera vision, and capacitive touch that would be projected onto a tri-layer interactive display via a holographic mixed-reality
interface. The system combines multi-LLM routing with cascaded fallback, YOLO-based real-time vision, and a three-path
voice pipeline combining Whisper, Gemini Audio, and two TTS engines. Ul, application services, Al intelligence, and GPU-
based persistence will provide layers that enable real-time interaction and scale. Low-latency inference is experimentally proven
with a maximum vision processing rate of 124 FPS and an average response time of 1.5s in a local-cloud deployment. The
system presents an agent-coordination system that assists with autonomous web automation, file manipulation, and tool
execution. Findings show strong fault tolerance, high throughput, and smooth multimodal fusion of interactive Al workspace
applications in real-world computing environments, successfully applied in assistive and industrial situations and deployment
environments.
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1. Introduction

To illustrate a modern example, one can note artificial intelligence devices such as ChatGPT and Bing Chat that can address a
wide range of human concerns and respond instantly to questions. Previously existing Al systems were mainly adapted to
interacting with texts and providing conversational support. But even more sophisticated, intelligent, proficient people should
be able to do much more than just text. Users need to combine vision, speech, gesture, and physical interaction and project
them into a single computational space. Still, most existing Al assistants have a strikingly poor integration of these modalities
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into a single system. This is especially important in high-performance applications, such as industrial monitoring, intelligent
design environments, healthcare assistance and decision-support systems that support real-time operation, where it is essential
to switch between input modalities quickly. To address these challenges, multimodal Al systems have become a high research
priority. Various sensor fusion, natural language processing, audio intelligence, and computer vision systems are united to build
adaptive and immersive computing environments. Multimodal artificial intelligence can better understand context, intention,
and environment as a human does. In turn, such systems are now being considered for applications in smart cities, autonomous
systems, collaborative robotics, and augmented reality platforms [1]. The concept of workspace-centric artificial intelligence
is attracting an increasing number of interested parties, due to the availability of high-performance edge computing equipment
and optimized deep learning infrastructures.

Now, state-of-the-art architectures capable of running on both local and hybrid cloud systems support real-time object detection,
speech-to-text conversion, natural language generation, and multimodal reasoning. Existing implementations remain
piecemeal, despite advances in technology. Typically, vision systems, speech interfaces, and language models are built as
separate modules rather than a common reasoning architecture. This separation leads to significant overhead in real-world
deployments due to high latency and reduced coherence. The capabilities of Al systems are also curtailed by architectural
fragmentation when they need to operate in environments that require simultaneous processing of multiple modalities of input.
The need for a multisource Al framework to integrate with multiple sources only exacerbates the situation in busy cities such
as Chennai, where increasing emphasis is placed on intelligent infrastructure. The next generation of smart applications needs
to be supported by a coherent system that can operate across diverse network setups and device constraints [2]. Introduction of
multimodal Al workspaces. It comprises five basic input channels: text, voice, gesture, camera vision and capacitive touch
integration. The goal of W.E.D.N.E.S.D.A.Y. is to harness these. These inputs are then projected onto a holographic interaction
plane within a single unified processing frame. In this system, the aim is to transform the desktop from a static display into an
intelligent computational space seamlessly coupled with both digital and physical interactions. A feature of the system is its tri-
layer, interactive, surface-projection-based Ul.

The interface enables interaction with Al-generated content via touch, controlling 3D graphic representations, procedural flows,
and live decision-support objects. Such an approach will improve engagement and reduce cognitive distance between intent
formulation and the response system. Using this technology, data can be mechanically interacted with in the same manner as
other objects within one's surrounding environment. One of the greatest innovations in W.E.D.N.E.S.D.A.Y. is its architecture,
which is structured into four main layers: user interface rendering, application service management, Al intelligence processing,
and GPU computation with persistent storage integration. Resource utilization is effective, simple to manage, and easy to
expand. Each layer is autonomous, with a common interaction system that provides seamless, low-latency, and responsive
interaction. One important element of the architecture is the Al intelligence layer, which includes multiple large language
models that provide a cascaded fallback. It keeps your system running even in the event of network, API, or cloud failures. The
system maintains performance stability and continuous operation in vital applications by switching between Al models as
needed. Besides, six YOLO-based models are employed to detect objects at over 120 FPS on a consumer-grade graphics card.
Consequently, the system can be used in various applications, such as real-time environmental awareness, industrial monitoring,
surveillance, and support for autonomous navigation [3].

Another significant innovation is the agent-based orchestration structure. Taking this framework implies that the system is
already capable of engaging in multiple domains independently. This involves web surfing, tracing file-handling systems, and
browser automation. Agents operate independently, but are coordinated by a routing system that, in real time, interprets user
intent and delegates tasks to... a module! This type of architecture transforms the system into an active conversational assistant
capable of executing complex workflows. The agent orchestration layer provides the system with considerable flexibility and
adaptability [6]. The system can work proactively instead of just responding to user queries, perform tasks, manage workflows,
and adapt to users. This is a twist on conversational Al that turns it into actionable intelligence, where the system is not simply
responding to a command but actually executing the task itself. It also has a three-stage processing architecture that improves
speech recognition. The structure combines on-premises speech models with on-demand audio-reasoning models in the cloud.
Language understanding and contextual reasoning can be performed with high-performance cloud processing. Local models,
on the other hand, are applicable in low-connectivity or offline scenarios. This novel mixture ensures that voice interaction
remains stable and reliable regardless of hardware or network conditions.

One of the most essential characteristics of the paper W.E.D.N.E.S.D.A.Y. is contextual continuity of memory. This system
uses an incremental summarisation process of conversation history that preserves important user intent and decision history. It
enables smooth, long-term interaction and does not exceed the model's context constraints. The system will be able to support
complex workflows across multiple sessions when it contains structured memory representations. This is viable since it is
possible to pause and restart without losing context. To enable this functionality, the system uses an asynchronous, PostgreSQL-
based database architecture to store and retrieve multi-modal interaction data. This includes all textual discussions, event-based
scene logs, gesture logs, system logs, and environmental logs. To maintain coherence over the long run and to have intelligent
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decision-making over an extended period [4]. A holographic interface might constitute a significant paradigm shift in human-
computer interaction. The system generates a dynamic, interactive workspace on physical surfaces, unlike traditional screen-
based interfaces. The cognitive gap between system capabilities and user goals narrows, making interaction more natural. Users
can manipulate digital objects in a form that is likely to be similar to the real world. It helps make interactions more universally
accessible, and the learning curve typically associated with complex systems is reduced. Gesture recognition powered by
MediaPipe tracking systems makes interactions easier. Users can play with digital objects with their hands without touching
anything. This can be particularly useful in environments where touching or interacting is not allowed or may be impossible,
such as on an industrial floor, in a laboratory, or in a collaborative workspace.

The hybrid interaction model, derived from letter, gesture, and voice input, is very versatile and responsive. To ensure the
complex multimodal architecture is realistic, it would need to be optimized for system performance. The experiments indicate
that the system's throughput remains constant at high vision-processing loads. Under all working conditions, latency
fluctuations are kept low, while inference times remain consistent. The hybrid deployment model dynamically assigns
computational workloads to either a local edge device or a cloud-based application, ensuring scalability without affecting
responsiveness. This plan can be quite beneficial in networks that are neither very reliable nor offer access to alternative
computers. The system can function smoothly even under stress. Such flexibility is most relevant to new smart city models, as
seen in Chennai, where digital infrastructure is quickly adapting to loT-based automated systems and smart public services [5].
Overall, W.E.D.N.E.S.D.A.Y. represents a significant step forward in the field of multimodal Al workspaces. The system
combines computer vision, natural language processing, and other technologies into a single computational system with a
specific programmable interface. By linking the physical space to the digital interface, the system will improve productivity,
situational awareness, and decision-making efficiency. Moreover, the architecture will offer a scalable platform for advancing
technology in the future. The design aims to support state-of-the-art applications such as autonomous intelligent agents,
augmented reality interfaces, and others. As artificial intelligence advances toward more embodied, context-driven systems,
frameworks such as W.E.D.N.E.S.D.A.Y. will shape the future of intelligent human-computer-interaction environments.

2. Literature Survey

Multimodal artificial intelligence has evolved rapidly, transforming intelligent systems by enabling the integration of diverse
information types, including text, images, audio, and sensor signals. Multimodal frameworks combine complementary sources
of information, enhancing contextual understanding and decision-making compared with traditional single-modality systems.
By integrating LLMs into multimodal pipelines, these systems have become more robust, capable of supporting complex
reasoning, generating human-like responses, and adapting to changing environments. Consequently, medical care, human-
computer interaction, robotics, and communication networks are some of the most used fields of multimodal Als. This is the
shift researchers often talk about, which defines a trend towards more intelligent and insightful systems or processes that can
interpret real-world situations and act accordingly with greater accuracy and greater efficacy. Recent developments have
increased the importance of multimodal interaction and adaptive learning techniques for enhancing system performance.
Studies show that multimodal active learning frameworks can utilize visual images, speech, and context, thereby enhancing
model generalization and interaction quality [6]. The advancement of LLM architecture has further propelled contextual
reasoning across many modalities, enabling applications such as span perception and language [7]

The literature on benchmarking in healthcare demonstrates that an LLM-based system can assist medical professionals in
decision-making. Nevertheless, reliability and bias remain major challenges [7]. In addition, multimodal techniques have been
helpful in medical imaging tasks, improving the accuracy of contouring and diagnosis by combining text with visuals [9].
Together, these findings highlight the importance of the multimodal learning paradigm for improving system usability in
practice. Explainability and user trust are valued when establishing multimodal Al, particularly in high-stakes areas. According
to recent reports, multimodal Al assistants are being developed to provide greater explainability of systems and their outputs,
augmenting users' understanding of system choices [10]. In sectors like healthcare and assistive technologies, reliability and
accountability are of utmost importance. For example, in multimodal Al-based memory assistants, contextual reminders have
been developed to help older people maintain independence and enhance quality of life [11]. Advanced multi-agent models
with enhanced, more pertinent diagnostic outputs have been developed to facilitate easier collaborative reasoning among
multiple Als [12]. Alignment strategies based on real user interactions with the system can improve system behavior and ensure
that responses are relevant to the user [13]. The following developments indicate that researchers have to strike a balance
between performance and transparency in contemporary Al.

Unlike in the past, when replicating or optimizing a system was difficult, easy replication and optimization are now possible
thanks to multimodal Al research. Feedback-driven optimization techniques have been established to significantly enhance the
contributions of models that employ large-scale human and Al feedback in loop systems [14]. Models for multimodal intention
prediction further improve interaction by leveraging heterogeneous data sources to infer users' goals. This is useful for assistive
and interactive applications [15]. Furthermore, multimodal Al in augmented and virtual reality is being reported, including
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systems that enable natural interaction in such environments through voice commands, gestures, and environmental context
[16]. Researchers have developed lightweight multimodal reasoning frameworks capable of real-time processing of robot
information while remaining computationally efficient for deployment in constrained environments [17]. Researchers are
overcoming performance and efficiency challenges in multimodal systems. Ongoing research paths are broadening the avenues
of multimodal Al through novel interaction paradigms and communication mechanisms. Technologies for brain-computer
interfaces represent an important breakthrough in Al, enabling interaction between human neural activity and Al via multiple
signals and language models [18].

Next-generation communication networks such as 6G will also incorporate multimodal LLMs to emphasize semantic
communication, focusing on conveying information rather than data for efficient transmission, thereby optimizing bandwidth
requirements [19]. Research is being conducted on vision-language models for detecting human values and ethics. This is
critical for the responsible deployment of Al in a real-world scenario [20]. These achievements are indicative of the far-reaching
applications of multimodal Al, not just from a technical perspective but also in addressing the societal and ethical issues posed
by intelligent systems [21]. Taken as a whole, multimodal Al — powered by advanced LLMs — is fast becoming the foundation
of next-gen intelligent systems [22]. A combination of reasoning, explainability, and data scaling across different modalities is
making systems more adaptable, efficient, and user-friendly. While significant progress has been made, challenges related to
interpretability, reliability, and ethics remain open research areas. Future research is expected to focus on alignment techniques,
multimodal fusion strategies, and more robust techniques for real-world use [23]. As research advances, multimodal Al will
shape the future of human-Al interaction and intelligent system design. These technologies enable the deployment of intelligent
workplace systems that integrate perception, reasoning, and interaction on a single platform, aligning well with
W.E.D.N.E.S.D.A.Y.'s objectives.

3. Methodology
3.1. Layer for Multi-Modal Interpretation

The Multimodal Interpretation Layer is the first stage of the W.E.D.N.E.S.D.A.Y. pipeline, capable of capturing any user input
and transforming it into digital signals. The purpose of this layer is to provide support for five main modalities: text, voice,
gesture, vision, and capacitive touch for the human—machine interaction environment. Each input type is handled by an adapter
module that converts it to machine-readable formats. The text input is streamed over a WebSocket, enabling low-latency
communication. Microphone arrays capture voice data, which is processed by speech recognition engines that can handle noise
and other changing acoustics. Gesture recognition is done using MediaPipe-based hand tracking. MediaPipe hand tracking
extracts 21 key skeletal landmarks per hand. MediaPipe tracks the user’s hand and interprets the gesture. Responses to requests
are based on vision-powered object detection and a scene understanding pipeline powered by YOLO. These moves enable the
system to recognize its context dynamically. A calibrated interactive surface captures capacitive input, enabling precise
mapping of touch interactions to X-Y coordinates. The normalization process transforms all heterogeneous inputs into a single
JSON schema to improve compatibility. With this layer of technology, real-life interactions are digitized with minimal latency
and accuracy. Incorporating the various modalities into a single, structured system enables the system to be more resilient and
flexible when switching between them. The incoming data is pre-processed to facilitate streamlining and synchronization, so
that when it is transferred to the system, it will be ready for intelligent processing.

3.2. Conditioning and Scaling Signals

The Signal Preprocessing and Normalization Layer is intended to clean the raw multimodal inputs, making the data streams
coherent and time-aligned. This step references and evolves the signal, synchronizing it with a reference signal while accounting
for impurities and noise in the real-world input. The voice signals are processed to remove noise and enhance speech, resulting
in better transcription, especially in noisy, dynamic environments. The sensor data tends to be noisy. To eliminate this noise,
researchers use exponential moving average filters. This achieves stabilized gesture tracking. The images are resized and
normalized so that the inputs are suitable for the YOLO-based model. This helps ensure consistent inference across all hardware
setups. Frame downsampling methods and their applications involve trade-offs between computational efficiency and detection
performance.

Capacitive touch input is then calibrated using corner-mapping affine transformation matrices, ensuring accurate alignment
between the physical and digital touchpoints. Synchronization over time is a key point for this layer. Each handle to incoming
streams of data is scheduled and synchronized to a shared system clock, ensuring consistency in multimodal interactions at any
point in time. Researchers similarly add modality tagging, enabling downstream systems to determine the source and type of
each datum. Systematic labeling plays a significant role in context-based information processing. Basically, the manifold layer
transforms highly heterogeneous and frequency data streams into a standardized product. It allows the first layer of the model
to build context and also supports intelligent decisions later.
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3.3. Mathematical Formulation
3.3.1. Multimodal Input Fusion Score

Researchers define a normalization score, F, representing multimodal fusion confidence, calculated at each reasoning step based
on the available input modalities and their quality. Researchers denote M = {text, voice, vision, gesture, touch} as a set of the
5 modalities, and q; € [0,1] as the signal quality of modality i. This score is:

F= 1

IMantrxell

ZieMantrxe w; - q;) 1)

With Manrce © M being the set of active modalities, w is the weight assigned to modality i, and q; is the normalized quality score
obtained from voice (signal-to-noise ratio), vision (detection confidence), and touch (coordinate precision). This fusion score,
F, is passed to the LLM reasoning engine in the context payload as an indicator of input trustworthiness.

3.3.2. Cascaded LLM Reliability Model

The cascaded fallback mechanism provides system-level reliability Rys as a function of the individual provider failure
probabilities. Let P(Fy) denote the probability of failure of LLM provider k in the ordered fallback sequence {ki, ko, ..., ka}. The
system-level availability Ay is:

Agys = 1= [ketey kg, k) P (Fi) 2

For the four-provider cascade (Gemini, OpenRouter, Grok, Ollama) with empirically measured individual availabilities of
99.2%, 98.7%, 98.1%, and 99.9%, respectively (local), the theoretical cascaded system availability exceeds 99.9999%,
validating the practical effectiveness of the fallback architecture in maintaining continuous service.

3.3.3. YOLO Inference Throughput Model

The effective vision processing throughput Tes (inferences per second) under sustained load is modeled as a function of
inference latency Linf, preprocessing time L., and memory transfer overhead Lmem for GPU-based execution:

1

Tepr = (3)

Ling+LpretLmem
For CUDA-based YOLOV26 nano inference at 640x480 resolution, measured values of Lins=8.01 ms, Ly = 1.2 ms, and Lmem
=0.8 msyield Ter =1/ 0.010 s = 100 Hz theoretical maximum, with observed sustained throughput of 52.36 inferences/second
under concurrent background processing load due to memory bus contention.

3.3.4. Context Memory Management
The context engine manages a bounded conversational memory by maintaining a sliding window of recent messages and a

compressed long-term summary. The total token budget Thwudget iS allocated between the long-term summary Tsummary and the
recent message Window Trenent Subject to the constraint:

Tsummary + Trecent + Tperception + Ttools < Tbudget (4)

Where T perception represents tokens consumed by the current YOLO vision state object list, and T_tools represents the tool system
prompt injection. With Toudger = 12,000 characters, Tsummary < 2,800, Tioois < 1,500, and Tperception < 500, a maximum of
approximately 7,200 characters is available for recent conversation history. When the recent message count exceeds the
summarise trigger threshold (default: 10 messages), incremental LLM-based summarisation compresses older interactions

while preserving user goals, ongoing tasks, and key decisions.
3.3.5. Emotion-Aware TTS Parameter Blending

The final TTS synthesis parameters P=r,, are computed by multiplicatively blending persona baseline parameters Ppersona With
emotion modifiers P.™on. For the parameters of the speech rate, the blending function is:

Sfinal = Spersona X Semotion (5)
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Wfinal — Wpersona‘;wemotion (6)

Here, spersona and semotion are the persona and emotion speed multipliers, respectively. W is calculated by averaging the persona
and emotion warmth values using the average function, while maintaining the persona identity in terms of major expression
characteristics. In contrast, the emotion adjusts the tone within the persona’s expression style.

3.4. Building of Context and Memory Integration Layer

The Context Construction and Memory Integration Layer enables intelligent reasoning by constructing a complete
representation of the system or environment's current state. The current real-life inputs, recent interactions and long-term
memory are incorporated into this layer to create a single context. The ContextEngine maintains a time window of user
interactions, providing coherence to ongoing conversations. Incremental summarisation of older interactions using an LLM
preserves important information while avoiding unnecessary computation. The object detection result from YOLO is
transformed into an object list that the system interprets as the physical world, including why the object is in its current position.

Through these structured systems, the Al can respond not merely to what it is being told or asked about, but also to the real
world it perceives with its sensors. Metadata such as interaction modality, system state, user preferences, and the like are also
embedded in the context. This fact is useful for creating reactions, as it helps create work in the present mode. Storing
multimodal data in memory systems enables the Al to maintain continuity across sessions and dynamically adapt to its users'
actions. A short-term situation is combined with long-term memory and real-time perception to create a rich perceptual layer.
This document serves as the basis for decisions and will inform subsequent actions to ensure that the full user intention and the
situation are covered.

3.5. A Stratum That Generates the Categorization of Attempts and Walks the Decision

The system's intent classification and decision-routing devices determine the user's intent, enabling the system to follow the
optimal computational path. With an elaborate context established, this layer evaluates the input based on the type and
complexity of the user's request. The classification process directs a source of input towards a pre-existing task. The task can
be either a simple question, a conversation, an analytical task or something in action. Researchers are improving accuracy and
speed in our workflows by combining rule-based techniques with lightweight LLM inference. Compared to more bound inputs
and ambiguous ones, much faster pattern matching with regex on common command patterns and more structured inputs,
followed by LLM-based classification due to less certainty and greater ambiguity.

The combination of these two approaches enables fast processing without affecting interpretation. The DecisionEngine then
selects a processing route after the classification. This involves selecting the appropriate model, defining the inference variables
(such as temperature and token levels), and provisioning compute resources. When it must solve complex reasoning tasks, the
system activates a reflective mechanism that formulates an answer. An open-response chit is one way to do that and enhance
accuracy. This layer is significant for optimizing resources. It actively adapts the processing strategy in response to task
complexity to efficiently use edge and cloud resources. As a result, the Intent Classification and Decision Routing Layer is the
real brain of the operation, preventing any device from operating at a higher capacity than necessary.

3.6. Coordination Layer of Intelligent Tool Executions

The main computing engine of the system, which processes and executes tasks using system intelligence and machine logic, is
the Intelligent Inference and Tool Co-scheduling Layer. It employs a multi-provider LLM routing framework to make
intelligent decisions about the best model based on latency, availability and complexity. Using the ChatService to switch models
from Gemini (an OpenRouter implementation) to Grok, and even to local Ollama installations, is easy. The cascaded fallback
mechanism is a significant aspect of this layer. If services or a service's performance is hampered, automatic requests will be
made to alternative sources.

This enhances the reliability and fault tolerance of the system, particularly in distributed systems. Meanwhile, ToolOrchestrator
similarly recognizes task commands based on user input, combining processed LLM output with regular expression matching.
When the AgentRouter detects a tool invocation, it forwards the invocation to the appropriate agent, e.g., a web browser, file
manager or system monitor. These agents will be used asynchronously to execute a task and provide a structured output. This
system architecture enables the system to transform a conversation agent into a doer. By integrating inference and tool
orchestration into a single system, it can coordinate complex workflows. The layer will imbue the system with intelligent
capabilities and tool-oriented rationale, enabling it to think and act.
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3.7. Layer to Holographic Rendering and Response Synthesis

The final step of the pipeline is the Response Synthesis and Holographic Rendering Layer, which converts intelligence into
something the user can consume. This layer encodes and displays responses in a multimodal, immersive rendering format to
the user. The ResponseFormatter changes the return value based on the interaction mode. As a result, the output will conform
to the text, voice and holographic Ul. The VoiceRouter dynamically selects between the XTTS and the Piper speech synthesizer
based on hardware capabilities and the application. It helps the system produce natural, contextually appropriate audio
responses. Concurrently, a frontend interface developed with React and Three.js is applied to present an interactive Ul in a
holographic workspace, visualizing data in space. The only difference between the two is that they facilitate real-time
communication. Gestures and touch inputs allow users to interact with Al-generated content, enabling outputs to feed directly
into new inputs, creating a closed system. This enhances user engagement and provides an intuitive way to control the system.
Responses and interactions are stored in a PostgreSQL database, enabling persistence for future analysis and access. It helps
the system learn new things over time. In short, it translates the multimodal input into intelligent immersive output. Leverage
innovative rendering technologies and adaptive response mechanisms to provide a seamless and interactive user experience
that fully realizes the vision of an integrated Al-driven holographic system.

Input Modalities Processing Core Outputs
@ Text F’ YOLOV26 Vision Module LLM Subsystem » Display
$ ! '
: —»| » Audio
Q Voice  f—» = Holographic
e — Sync & Fusion Engine Interf. 1
— y g heace | » Web Control
Vision
_J - .
Local GPU Agent Orchestration —»{ » File Actions
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— !
ﬂ s
{v:) Touch Local GPU Cloud Services
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Figure 1: Overview of system architecture

Figure 1 presents the overall layered architecture of W.E.D.N.E.S.D.A.Y., with flow representations that begin with the
acquisition of multimodal inputs and proceed through preprocessing, context construction, Al reasoning, and holographic
output delivery across four single-layered systems.

4. Result and Discussion

The efficiency of multimodal inputs, real-time Al inference, and holographic interaction in a single system is demonstrated
through the performance evaluation of the W.E.D.N.E.S.D.A.Y. The outcomes confirm that the presented architecture meets
the requirements for low-latency processing, high throughput, and strong fault tolerance under various operating conditions.
The system was tested in controlled laboratory conditions, both on local hardware with GPUs and in a hybrid cloud deployment,
to simulate real-world use cases. Analysis is based on 5 dimensions: vision performance, LLM response latency, system
resource utilization, multimodal synchronisation efficiency, and agent execution reliability. The vision subsystem, based on
various YOLOvV26 variants, was tested on different resolutions and compute environments. Table 1 indicates that CUDA-based
inference performs much faster than CPU execution, with frame rates of more than 120 FPS at 640 x 480 resolution and an
average latency of about 8 ms. This is vital for real-time programs such as object tracking and gesture recognition in the
holography workspace. The latency improvement is also modest even at higher resolutions, which means the graphics card is
well utilized and that memory transfer functions are highly optimized. Figure 2 shows the performance trends for CPU and
GPU execution, demonstrating the significant acceleration enabled by CUDA-enabled inference.

Table 1: Analysis of the YOLO vision performance

Resolution Device FPS Avg. Latency (ms) P95 Latency (ms) Best (ms) Worst (ms)
640x480 CPU 20.97 47.68 52.25 45.14 53.87
640x480 CUDA | 12485 8.01 8.18 7.89 9.07
1280x720 CPU 25.80 38.76 39.74 37.91 40.42
1280x720 CUDA | 120.48 8.30 8.59 8.12 8.76
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Figure 2 shows a graphical comparison of FPS and latency in both CPU and GPU configurations, illustrating the efficiency of
CUDA acceleration. In addition to vision processing, the language model subsystem's responsiveness is an important aspect of
the user experience.

Vision Performance Comparison (CPU vs GPU)

—a— FPS
—m— Latency (ms)

120 A

100 +

80 1

Value

60 4

204

640x480 CPU 640x480 GPU 1280x720 CPU 1280x720 GPU
Configuration

Figure 2: Vision performance comparison (CPU vs GPU)

Table 2 shows average response times for various LLM providers incorporated into the system. The findings show that cloud-
based models, such as Gemini 2.5 Flash, have much faster response times than local models, such as Ollama, which has higher
latency due to hardware constraints. Nonetheless, the presence of multiple providers will guarantee reliability with fallback
mechanisms. Figure 3 presents latency distributions from various providers, and the performance of the primary cloud-based
models is consistent across them.

Table 2: Latency of response of LLM

Provider Model Avg. Response Time (ms)
Gemini gemini-2.5-flash 1522
OpenRouter claude-3.7-sonnet 1890
Grok grok-2-1212 2105
Ollama Ilama3 (local) 9306

Figure 3 refreshes relative response time, highlighting the effectiveness of infercloud inference. Resource usage in the system
was compared to examine the performance in different workloads.

LLM Response Time Distribution
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Figure 3: Response time distribution of LLM
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A summary of CPU, RAM, and GPU usage at idle, during peak vision load, and after load is presented in Table 3. These
findings show that the system can remain stable with resource consumption under heavy workloads without significant
increases in CPU or GPU usage. There are no leaks or memory management issues, as memory usage remains constant.

Table 3: Resource usage of the system

Metric Idle Peak Load Post Load
CPU Usage 1.3% 59.6% 1.4%
RAM Usage 27.4% 28.7% 27.3%
GPU Usage 21% 37% 29%
VRAM Usage 248 MB 256 MB 256 MB

In Figure 4, a visualization of resource usage during a 10-second high-load test demonstrates the system's stability and its quick
recovery after the load is removed.

Resource Utilization Over Time
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Figure 4: Time history of resource utilization

Figure 4 shows the trends in CPU, GPU, and memory as the workload varies over time, indicating whether the system is stable.
Another important factor in the system's assessment performance is multimodal synchronization efficiency. Table 4 shows the
latency of various input modalities from capture to response delivery. The findings indicate that text and touch inputs have the
least latency because they require less pre-processing, whereas voice and vision inputs have slightly higher latency. After all,
they require more processing. Nevertheless, none of the modalities is beyond reasonable real-time limits. Figure 5 compares
latencies across modalities and demonstrates similar synchronization performance.

Table 4: Multimodal input latency

Modality Avg. Latency (ms) Max. Latency (ms)
Text 120 200
Touch 95 150
Voice 420 650
Vision 310 480
Gesture 260 400

Figure 5 compares the latencies of all five input modalities and indicates the system's balanced performance. Reliability testing
in an agent-based execution system was conducted using task-completion tests. The success rate and execution time of various
agents are summarised in Table 5.
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Figure 5: Comparison of multimodal latencies
BrowserAgent has a longer execution time due to its sequential interaction cycles, whereas other agents execute faster and
achieve a higher success rate. The findings validate the idea that the agent orchestration framework is a successful tool for
achieving autonomous task execution with the lowest error rate.

Table 5: Agent operation performance

Agent Type Success Rate (%) Avg. Time (ms)
FileAgent 99.2 180
WebAgent 97.8 420
AutomationAgent 96.5 510
BrowserAgent 94.3 1200
SystemAgent 99.5 150

Figure 6 compares the success rate and execution time across various Al agents. Evidently, the findings reveal that
W.E.D.N.E.S.D.A.Y. effectively meets its design goals, providing an efficient, scalable, and stable multimodal Al workspace.
Combining vision acceleration with a GPU, multi-provider LLM routing, and real-time Ul rendering ensures smooth
communication across all input modalities.
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The system is capable of sustained high workloads at a steady level of performance with optimal resource use and quick
responsiveness. Moreover, the agent-based system goes beyond passive interaction and opens the door to proactive task
execution and automation. To further verify the robustness and practical use of the proposed system, additional experimental
evaluations were conducted with a primary focus on network performance, rendering capability, failure tolerance and
scalability. According to the network performance results shown in Table 6, hybrid cloud deployment can effectively balance
latency and throughput. The hybrid model ensures better scalability and resource allocation without causing communication
delays (which are quite low in local deployments). Thus, it can be used for real-time distributed applications.

Table 6: Network performance and communication latency

Scenario Avg. Latency (ms) Packet Loss (%) Throughput (Mbps)
Local Network 18 0.2 950
Hybrid Cloud 72 0.5 620
Remote Cloud 134 1.1 410

The rendering analysis in Table 7 reveals the performance of a serious game holographic interface with complex multimodal
interactions. The results show stable frame rates. Although full multimodal scenes have a slight increase in latency, it remains
in real time and does not cause lag. The rendering pipeline efficiently renders dynamic visuals while managing its own workload

creatively.

Table 7: Holographic rendering performance

Rendering Mode FPS Latency (ms) Frame Drop (%)
Basic Ul 90 11 0.5
Interactive Hologram 72 16 1.2
Full Multimodal Scene 58 21 2.8

Table 8 further strengthens the system's reliability through fault-tolerance assessment. The summary shows that failure can be
detected and recovered quickly with minimal interruption. According to Allen, whether the failure is in LLM providers,
hardware components, or network interruptions, recovery times are sufficiently short to maintain continuity, validating the
effectiveness of failure recovery.

Table 8: Fault tolerance and recovery analysis

Failure Type Detection Time (ms) Recovery Time (ms) System Impact
LLM Provider Failure 210 480 Minimal
GPU Failure 350 920 Moderate
Network Disruption 180 650 Moderate
Sensor Input Loss 120 300 Low

In addition, the scalability analysis in Table 9 shows that the system can support many users with only a slight performance
drop. As the number of users increases, resource usage increases, reflecting an appropriate distribution of resources. A larger

number of users can still use the system. Thus, it is perfect for collaborative and enterprise deployments.

Table 9: Scalability performance evaluation

Number of Concurrent Users Avg. Latency (ms) CPU Usage (%) GPU Usage (%)
1 User 140 22 30
5 Users 260 38 45
10 Users 420 55 62
20 Users 710 78 81

The results presented in Figures 7 and 8 are supported by data showing latency variations across deployment architectures and
variations in system behavior under different workloads. This is a testament to the effectiveness, extensibility, and reliability
of the proposed architecture. The discussion has indicated that the balance between computing and latency achieved by edge
computing with cloud-based Al services has been the best. The fallback mechanisms will allow a backup to keep the system
running, which is why they are appropriate to implement in a real-life dynamic environment. The holographic interface is
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another step forward in terms of usability, as the physical-digital disconnect is removed, providing users with an immersive,
user-friendly experience.

Network Latency vs Deployment Architecture
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Figure 7: Network latency vs. deployment architecture

The experimental analysis shows that the proposed system offers significant improvements over traditional Al assistants in
multimodal integration, responsiveness, and operational reliability (Figure 8).

System Scalability Under Concurrent Load
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Figure 8: System scalability under concurrent load

The findings support the idea that introducing this type of system in real settings, e.g., smart workspaces, industrial automation,
and assistive technologies, is feasible. Also, due to the architecture's scalability, future opportunities will enable improvements,
including the introduction of augmented reality devices and advanced functions for autonomous agents.

5. Conclusion

W.E.D.N.E.S.D.A.Y. is a cohesive, multimodal Al workspace that involves the interaction of vision, speech, gesture, touch,
and text in a holographic computing environment. The architecture shows how well the system effectively combines real-time
perception, contextual reasoning, and distributed Al inferences across edge and cloud resources. Its agent-based model enables
autonomous execution of tasks beyond conventional conversational Al, and its cascaded LLM routing scheme provides
reliability across diverse network and computational scenarios. A three-path voice pipeline and emotion-sensitive synthesis
make the system even more suitable for natural interaction, which is why it is used in immersive human-computer collaboration.
The suggested system introduces a scalable scheme for multimodal intelligence that integrates physical interaction and digital
reasoning within a single workspace. It is shown to be highly responsive in real time, to provide high resource utilization, and
to be very resilient to failure across a wide range of operational environments. Holographic projection combined with gesture
control presents a fresh paradigm for interactive computing space, especially in areas that require knowledge of spatial position
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and quick decision support. Future development will aim to increase the system's cognitive autonomy, optimize its decision-
making using reinforcement learning, and improve its long-term memory reasoning. Other features can include support for
distributed, multi-user collaboration, improved spatial mapping accuracy in stereo views, and wearable augmented reality
devices. New energy-efficient inference methods for edge deployment and additional security measures for agent-based
automation in incoherent settings will also be investigated.
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