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Abstract—As Natural Language Processing (NLP) 

technologies continue to advance, their integration within 

everyday software tools remains fragmented and often 

constrained by environment-specific plugins or proprietary AI 

interfaces. This study introduces a lightweight, platform-

independent framework that transforms any text-input surface, 

ranging from simple editors to browsers and full-featured 

integrated development environments (IDEs), into an intelligent, 

AI-assisted interface. Leveraging keystroke dynamics and key-

chord recognition, the system operates unobtrusively in the 

background to interpret user intent and enable real-time 

interaction within active applications. It provides context-aware 

suggestions, completions, and insights directly within the active 

window, effectively turning ordinary typing environments into 

responsive, intelligent companions. Beyond unifying AI support 

across diverse applications, the framework enables users to 

seamlessly switch among multiple open-source AI and NLP 

models via simple key combination triggers, supported through 

flexible API integration, thereby providing dynamic access to 

different linguistic capabilities on demand. The architecture also 

incorporates a protective intelligence layer that detects suspicious 

behavior patterns and safeguards sensitive information, offering 

an additional shield against unauthorized data exposure. By 

employing a universal mediation layer for input and output, 

supported by controlled keystroke simulation, the approach 

eliminates the need for custom extensions or application-specific 

integrations, presenting a scalable model for embedding real-time 

artificial intelligence into everyday computing environments. 
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I. INTRODUCTION 

Over the past decade, the artificial intelligence (AI) 
ecosystem has experienced significant growth in the 
development of open-source AI and Natural Language 
Processing (NLP) models made available through well-
documented APIs. These APIs facilitate integration into 
software ecosystems using widely adopted programming 
languages, thereby enabling AI-driven functionalities across a 
broad spectrum of applications [1]. Despite these advancements, 
interaction with such models has largely remained confined to 
proprietary interfaces, including standalone web portals, 
dedicated desktop applications, or platform-specific plug-ins. 
This architectural dependency often forces users to switch 
between environments to access AI capabilities, resulting in 
fragmented workflows and diminished productivity. 

Recent AI-assisted interaction systems have primarily 
integrated NLP-based functionalities through application-

specific graphical interfaces, browser extensions, or embedded 
plug-in architectures. While these solutions enable task-oriented 
assistance such as grammar correction or development support, 
they remain dependent on platform-level integration and 
typically require manual configuration for each environment. 
Consequently, such implementations offer limited 
interoperability across heterogeneous computing platforms and 
do not support unified AI-assisted interaction across multiple 
text-input surfaces. 

Additionally, existing research has largely emphasized 
improvements in model performance or domain-specific 
deployment of NLP systems, with limited focus on system-level 
interaction frameworks that enable application-independent AI 
mediation. Most current solutions rely on proprietary interfaces 
or tightly coupled API integrations confined to specific software 
environments. In contrast, the proposed framework introduces a 
platform-independent architecture that enables real-time AI-
assisted interaction across conventional text-based interfaces 
without reliance on model-specific plug-ins or environment-
dependent integrations. 

To address this limitation, this study proposes a hybrid 
architecture comprising three primary components: real-time 
keystroke monitoring, virtual keystroke simulation, and 
asynchronous NLP inference over open-access APIs. The 
proposed framework introduces a lightweight background 
service that operates independently of application-level 
interfaces and continuously monitors user input within text-
based environments. Upon detecting predefined trigger 
conditions, such as a hotkey sequence, the captured input is 
transmitted to an open-source NLP model via an API endpoint, 
and the generated response is re-inserted into the active 
application using simulated keystrokes. This mechanism 
enables interface-independent AI interaction within commonly 
used applications, including standard text editors such as 
Notepad and WordPad, as well as embedded terminal 
environments [2]. 

Recent developments have attempted to mitigate this 
limitation through AI-powered browser extensions and 
application-level integrations tailored for specific use cases. 
Tools such as grammar correction engines and development 
assistance environments exemplify this trend toward embedded 
intelligence. However, these solutions remain tightly coupled to 
individual platforms or applications and typically require 
manual installation and configuration for each environment. As 
a result, users must rely on multiple independent tools for tasks 
such as grammar correction, paraphrasing, and code analysis, 
leading to inconsistencies in user experience and limited 
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interoperability between applications [3]. Existing literature 
primarily focuses on improving model performance or interface-
level integration, with comparatively limited attention given to 
system-wide interaction frameworks capable of providing 
application-independent AI assistance. 

From a systems perspective, modern operating environments 
interpret keyboard input through standardized scan-code 
interpretation and virtual key mapping mechanisms based on 
established character encoding standards [4]. When a user 
initiates a keypress event, the keyboard hardware generates a 
scan code that is interpreted by the operating system and mapped 
to a virtual keycode corresponding to the active keyboard layout 
[5]. In addition to capturing real-time keyboard input, 
contemporary operating systems provide low-level APIs 
capable of generating synthetic input events through functions 
such as keybd_event() and SendInput(), thereby enabling the 
simulation of keystrokes programmatically [6], [7]. These 
virtual input events are processed by the system kernel in the 
same manner as physical keystrokes, allowing applications to 
receive them as standard user input without requiring interface-
specific modifications. 

Concurrently, the emergence of transformer-based NLP 
models such as GPT-2, BERT, and spaCy has enabled access to 
powerful text-generation capabilities trained on large-scale 
linguistic corpora [8], [9]. These models are typically accessed 
through graphical interfaces or dedicated applications, 
necessitating environment switching for interaction. Although 
RESTful API endpoints allow developers to embed AI 
functionalities within software applications using languages 
such as Python or JavaScript, such integrations remain 
application-dependent and do not provide a unified mechanism 
for system-wide interaction [10], [11], [12]. This highlights a 
critical research gap in the development of interface-agnostic AI 
mediation frameworks capable of operating seamlessly across 
heterogeneous text-input environments. 

The generalized framework eliminates the need for model-
specific plug-ins by introducing a system-level layer of AI 
augmentation that decouples the input source from the NLP 
interface. This enables context-aware text generation across 
diverse computing environments while minimizing friction 
between users and AI-assisted tools. Furthermore, the proposed 
architecture is scalable to non-traditional text-editing platforms, 
including online content editors, live-stream overlays, and 
integrated development environments such as Visual Studio. In 
such scenarios, user input is intercepted by the background 
service, processed by an NLP engine, and the generated output 
is seamlessly appended within the same interface without 
reliance on third-party extensions [13]. This approach provides 
real-time assistance while reducing cognitive overhead 
associated with environment switching. 

ANSI escape sequences and virtual terminal protocols form 
the foundational communication layer of the proposed system, 
given their widespread use in character encoding, network 
messaging, industrial control systems, and embedded device 

scripting. By incorporating AI-driven inference, secure API 
interactions, and automated keystroke simulation within ANSI-
based workflows, the proposed framework advances existing 
interaction paradigms and introduces new opportunities for 
intelligent and secure human–computer interaction. 

The primary contributions of this work are summarized as 
follows: 

• The design of an interface-agnostic AI mediation 
framework for real-time interaction across 
heterogeneous text-input environments. 

• A hybrid system architecture integrating keystroke 
monitoring, keystroke simulation, and asynchronous 
NLP inference via open-access APIs. 

• A system-level AI augmentation layer that eliminates 
dependency on application-specific plug-ins or 
proprietary interfaces. 

• A scalable implementation capable of enabling context-
aware AI assistance within conventional text editors and 
development environments. 

The subsequent Methodology section details the 
implementation of this framework and its integration within 
standard computing environments. 

II. METHODOLOGY 

This proposed functionality can be implemented in any 
modern programming language, such as Python, JavaScript, or 
C++. Once the main thread starts, which is responsible for 
continuously monitoring keystrokes and checking for matching 
key combinations to start and stop the child loops and threads 
[2]. These child threads can be programmed for different 
operations, which will be covered in the rest of the study. For 
example, they might send input to NLP and AI agents, trigger 
security events, and train existing models for behavior 
biometrics and typing patterns. These threads can be 
started/stopped through special key combinations matched via 
the main thread. Many of the programming flows of the child 
threads are described in the upcoming sections. 

A. Legacy System Foundation and Transition to Intelligent 

NLP Framework 

As previously discussed, the proposed framework aims to 
offer system-level natural language augmentation by combining 
open-source NLP models with traditional keystroke-capture 
techniques. In its initial prototype phase, the system used a 
multidimensional-array-based string-matching algorithm that 
provided a deterministic, hardcoded mapping between user 
input and predefined responses [2]. This is again not a GUI 
version; it provides a terminal-independent interface that 
simulates a virtual input/output environment using ANSI escape 
sequences and raw device file access. 

If we see this program in the terminal, the captured 
keystrokes' ASCII values and converted string look like Fig. 1. 
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Fig. 1. Converting captured ANSI to text. 

When a user enters a key event on the keyboard, such as 
“How are you doing?”, the operating system's built-in module 
captures it and reads it using a built-in function of a 
programming language mentioned in section I. Once the 
keystroke is captured, like the ASCII number “72”, the program 
converts it to the character ‘H’ (hex 48). It continues capturing 
and forming sentences until it reads the code “13”, which is for 
the “enter key”, indicating the sentence is complete. It then sends 
this data to either an NLP system or a conventional array-
matching loop, which generates the virtual keystroke for the 
response, such as “I’M DOING FINE!” or whatever reply is 
received from the NLP server, by triggering the corresponding 
ASCII numbers in a specific sequence. 

This low-level interaction model kept the system non-
intrusive by running it in the background without disrupting 
everyday keyboard-based user actions. Behind-the-scenes 
control was implemented by custom hotkey combinations that 
trigger pause, resume, and terminate actions, as mentioned in the 
study [2]. 

By monitoring mode, the author refers to maintaining 
continuous availability of the proposed AI-assistance 
framework; the system must remain active in the background, 
independent of user interaction. This persistent operation can be 
achieved directly in Python and C++ through long-running 
program structures, as well as through operating system-level 
tools that support background execution. Modern operating 
systems provide native service managers, such as systemd on 
Linux and Windows Services on Microsoft platforms, which are 
specifically designed to oversee long-running programs, 
automatically restart them when needed, and ensure they stay 
active throughout system operation. These service frameworks 
enable the system to function reliably as a background 
component, even when no user interface is active [21], [22]. 

Within the program itself, Python programming language 
supports persistent background operations via an infinite event 
loop, asynchronous execution via the asyncio library, and 
thread-based concurrency via the threading module. These 
mechanisms enable continuous monitoring, periodic polling, 
and non-blocking communication with external NLP models. 
Likewise, C++ provides a rich background-execution model 
through its standard threading library (std::thread), enabling 
developers to create long-lived detached threads or 
asynchronous tasks (std::async) that persist independently of the 
main application flow. When combined with OS-level service 
management, these programmatic approaches ensure that the 
framework behaves as a resilient, always-active process capable 
of delivering real-time AI support across heterogeneous 
environments [23], [24]. 

The current iteration marks a significant architectural shift 
toward context-aware behavior by incorporating transformer-
based NLP models such as BERT [8], GPT-2 [9], and spaCy 
[12]. These integrations allow for probabilistic, semantically 
coherent outputs rather than rigid string retrieval, dramatically 
improving the framework’s versatility and scalability. 

B. Proposed System Architecture and Operational Workflow 

The config file, created during installation, sets up the 
framework's runtime behavior by defining how NLP endpoints, 
credential-based access, and linked hotkey connections are 
enabled. It indicates what actions to take when the key 
combination is triggered. Similar to file configuration formats, 
its style is consistent with .env or YAML, with each entry 
specifying an NLP model endpoint. 

This configuration file is also encrypted (using the OpenSSL 
AES-256 symmetric encryption method) and can be decrypted 
only by the process in question, which does not compromise the 
integrity of the sensitive API tokens or service credentials [14]. 
This encryption strategy ensures confidentiality and integrity in 
multi-user or shared environments. 

 
Fig. 2. Config file example. 

Fig. 2 shows what the config file looks like when opened. It 
contains many predefined key combinations, and its system 
commands are already set for use. The developer can add more 
or modify the existing ones as needed. 
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As we discussed, the main thread will continuously check 
for the hot key combination and, if none are found. It will then 
generate keystroke-based output from a predefined, updateable 
array of sentences hardcoded into the program. If the user 
presses a combination to activate an NLP model, such as 

CTRL+ALT+A, the main thread spawns a child thread that 
sends registered keystrokes to the selected NLP model and 
returns the response by generating virtual keystrokes. Similarly, 
a user or developer can change the NLP model's preference by 
pressing a key combination to switch reactions in real time. 

 
Fig. 3. Switching between NLP models.
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Upon detecting a predefined key sequence, the framework 
executes the following logic pipeline: 

1) Event handling and dispatch: A global key listener 

registers the triggering hotkey and asynchronously parses the 

associated configuration entry. 

2) Secure API invocation: Using Axios (JavaScript) or 

libcurl (C++), depending on the platform context, a structured 

POST request is sent to the specified model endpoint, 

embedding the API token within the Authorization header [15], 

[16]. 

3) Response handling: The received NLP model output is 

parsed and sanitized, then passed to the UI injection engine, 

which uses virtual keystroke APIs (e.g., Windows SendInput, 

Linux uinput) to simulate direct text input into the active 

application window. 

4) State management: The framework maintains a 

lightweight in-memory buffer to cache the last N responses, 

enabling rollback, regeneration, or comparison functionality 

within the interaction loop. 

The above sequence enables real-time language 
augmentation across any text-editable interface, whether it be an 
IDE, browser, email client, or command shell. Unlike 

monolithic desktop NLP tools, this system features a modular, 
microservice-based design that supports plug-and-play 
integration with additional models or downstream services, such 
as spellcheckers or summarizers. 

C. Technical Contributions and Deployment Considerations 

1) Hotkeys binding logic: Hotkey binding is a crucial 

feature of modern operating systems. It enables users to activate 

specific actions through key combinations, boosting efficiency 

and workflow. In this work, the researcher has expanded on this 

traditional concept by employing keystroke-level event 

interception as an interaction layer for real-time AI assistance. 

This results in a more flexible and context-aware experience 

within operating systems. This system has been implemented 

using Xlib on Linux and SetWindowsHookEx on Windows. It 

supports dependable key-chord recognition and includes 

mechanisms to prevent race conditions, ensuring stable and 

predictable shortcut-event handling across platforms [18]. 

2) Cross-platform API wrappers: Native bindings to 

libcurl, along with Axios wrappers for Electron-based 

environments, enable seamless cloud communication. 

3) Error handling: Includes retry logic with exponential 

backoff and token refresh middleware to maintain long-session 

stability with external NLP providers. If the retry fails, it 

automatically generates the appropriate error response and types 

it via virtual keystroke at the cursor position. The current tool 

does not have its own GUI (Graphical User Interface). It is 

crucial to generate proper error codes and display them at the 

cursor point to ensure clarity for users and developers. 

4) Platform abstraction: Layer enables portability across 

Windows, Linux, and macOS by abstracting system-specific 

keystroke injection mechanisms. In this study, the author has 

defined a concept that can be implemented in any preferred 

programming language and on any operating system. 

This design ensures high extensibility, allowing for future 
integration with on-device LLMs or fine-tuned domain-specific 
models using frameworks such as Hugging Face Transformers 
[19]. The following flowchart Fig. 3, illustrates the overall 
process and operational flow of the proposed framework. 

Upon initialization, the Main thread starts and continues to 
look for the special key combinations and other keystrokes. For 
example, if the user presses the enter key after some keystrokes, 
it will be captured and processed as a text-based prompt. 

Another child thread accesses a local configuration file 
through standard read/write operations, enabled by the host 
operating system's POSIX-compliant filesystem layer. The 
initialization routine first performs a structural integrity check 
on the configuration file. If the file is found to be empty or 
malformed, the system defaults to legacy mode, in which 
outputs are selected from a hardcoded static array using 
deterministic logic, as discussed in Section II. Conversely, when 
valid user-defined entries are detected, the framework parses the 
data upon receiving the NLP model’s matching key 
combination. It maps it into a three-dimensional array, 
designated as a[x][y][z], where x indicates the number of 
configurations, y represents individual data fields (such as 
hotkey, endpoint, API token), and z specifies the character 
buffer allocated for each field. 

For example, a configuration entry such as: 

CTRL+ALT+G == [serviceName: GPT2, endpoint: 
https://api.example.com/gpt2, token: your_token_here]  

Is stored in the array as follows: 

• a[0][0]: Hotkey identifier (CTRL+ALT+G) 

• a[0][1]: Model name (GPT2) 

• a[0][2]: API endpoint URL 

• a[0][3]: Authentication token 

This data is subsequently referenced during runtime to 
dispatch model-specific API requests in response to user-
defined hotkey events. 

In addition to array-based data management, the system 
supports a modular configuration model that leverages 
JavaScript Object Notation (JSON) for serialization and 
deserialization [20]. JSON offers interoperability across 
multiple programming languages and ensures backward 
compatibility with web services. This dual-format support, with 
array-based low-level access and JSON for high-level 
abstraction, enhances the system’s portability and extensibility 
across diverse environments. 

Designed to operate in headless mode, the framework's main 
thread continuously intercepts and processes keystroke data 
from the hardware abstraction layer (HAL) without relying on 
graphical elements. Memorable hotkey sequences, such as 
CTRL+ALT combined with an alphanumeric trigger key, are 
intercepted via a low-level keyboard hook. If no special key is 
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pressed, input is evaluated against a static input-response map 
(Section II). When a trigger combination is detected, the 
framework performs a sequential scan through the array index 
a[x][1] to locate the appropriate service descriptor. Upon a 
successful match, it retrieves the associated serviceName, 
endpoint, and token, thereby enabling dynamic model 
switching. 

This design enables users to switch effortlessly between 
multiple NLP backends (such as GPT-2, BERT, spaCy, and 
Google Gemini) by simply editing the hotkey configuration file 
and activating the relevant key combination. The modular and 
extensible nature of this configuration-based approach not only 
simplifies deployment but also facilitates real-time inference 
management across various AI engines. 

Once an appropriate Natural Language Processing (NLP) 
model is selected and configured, the system enters a passive 
monitoring mode, continuously running in the background to 
intercept and log the user's keystrokes. The framework uses a 
low-level keystroke listener, often implemented via OS-level 
hooks or input stream interception (e.g., SetWindowsHookEx in 
Windows or XRecord in Unix-based systems) [17]. This enables 
the system to monitor input events without interfering with the 
user interface or application foreground processes. 

 
Fig. 4. Send keystrokes to NLP model. 

As shown in Fig. 4, the captured string input is transmitted 
to the selected NLP model endpoint via an OpenAPI-compliant 
HTTPS request that includes an authentication token to validate 
the session. These requests are typically handled using 
lightweight client libraries, such as Axios for JavaScript or 
libcurl for C++ environments, which support asynchronous 
communication and robust error handling [15], [16]. 

The raw answer from the NLP model's inference is presented 
to the user, and the text is normalized and post-processed. 
During this step, control characters, special Unicode encodings, 
and formatting artifacts (such as escape sequences or HTML 
tags) are discarded to ensure the output conforms to human-
readable formatting principles. These changes may be 
performed using natural language preprocessing libraries or 
custom sanitization routines to improve the clarity and 
readability of the output text [25]. 

After receiving the model's response, the framework 
dynamically injects the generated output into the user's active 
application window, using programmatic virtual keystroke 
generation at the cursor to render the results without modifying 
the application itself, as shown in Fig. 5. 

 
Fig. 5. NLP response to virtual keystroke. 
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To demonstrate in a real-world scenario, the researcher has 
simulated an interaction between a user and the GPT-4 model in 
a standard text editor such as Notepad. Once the program is 
initialized, users can start typing as usual. The framework 
remains locally held in memory, capturing all provided written 
prompts via capturing keystrokes, converting them into a string, 
and feeding them into the chosen NLP engine. The output is then 
fetched and formatted via the system and reinserted into the 
editor as it happens. The generated text is shown below in 
Notepad, providing both a context-aware interaction experience 
and an intuitive experience between the traditional input method 
and modern AI-based language models. 

To illustrate the practical implementation of this feature, a 
scenario is presented in which a user interacts with OpenAI's 
GPT-4 model via a conventional text editor such as Windows 
Notepad. After the framework is initialized, it enters a persistent 
resident mode and operates as a background process. As the user 
types, the system captures keystroke sequences, processes them 
as input prompts, and dispatches them asynchronously to the 
selected NLP endpoint. 

 
Fig. 6. NLP JSON response to Open-AI. 

Upon receiving the model's inference, the framework 
formats and injects the generated text back into the editor in real 
time via synthetic keystroke generation. The Fig. 6 shows the 
JSON response from the NLP server. 

Subsequently, the framework triggers a keystroke injection 
routine using platform-specific input simulation libraries (e.g., 
Win32 API SendInput) [3]. The output is programmatically 
written back into the user’s active application window, preceded 
by the “>>” symbol to denote system-generated text. Upon 
completion of the full response rendering, the system appends a 
final status marker: 

This marker serves as a visual delimiter to indicate the end 
of model-generated output, enhancing usability and separating 
AI responses from subsequent user input. In Fig. 7, the NLP 
response was directly key-stroked in Microsoft Windows 
Notepad. 

A similar result can be achieved using any of the available 
platforms, such as Microsoft Word, sticky notes (as shown in 

Fig. 8), in-browser live chat, the Visual Studio Code editor, and 
many more. 

 
Fig. 7. NLP response in Notepad. 

 
Fig. 8. NLP response in sticky notes. 

Similarly, it works with any available text editor, even a 
browser. The user does not necessarily need to open a text editor; 
pressing keys on the keyboard can be registered and produce a 
response at the cursor point. 

III. MULTI-AI ORCHESTRATION VIA AN INTERFACE-LESS 

MODEL 

Within the interface-independent integration framework, 
you can run these heterogeneous AI assistants in parallel, 
combining the strengths of various natural language processing 
(NLP) models and task-specific intelligent agents into a single 
operational pipeline. Unlike existing NLP engines that focus on 
context-aware, text-based answers to users' queries, other AI 
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assistants enable procedural, action-oriented automation. These 
particular agents can undertake deterministic computations like 
intelligent scheduling, habit and routine orchestration, multi-
calendar synchronization, and workflow optimization, using 
rule-based reasoning and machine learning-backed event 
prioritization [26]. 

By coordinating these capabilities without the constraints of 
a graphical interface, the system facilitates seamless 
interoperability, enabling composite AI-driven solutions that 
extend beyond conversational interaction into fully automated 
operational ecosystems. Several intelligent personal assistants 
have been developed in recent years, including OpenAI’s 
ChatGPT [27], Google Gemini [28], Microsoft Copilot [29] and 
Amazon Alexa [30], Each is leveraging advanced artificial 
intelligence and natural language processing to interact with 
users and perform tasks efficiently. 

A. Conventional Method to Assist the User 

Earlier implementations have incorporated predefined, task-
oriented commands to facilitate user interaction in general-
purpose computing settings [31]. Available literature presents 
batch scripting techniques and Windows Command Prompt 
(CMD) utilities for performing context-specific operations, 
including opening applications, accessing files, and controlling 
the system [32]. This capability was implemented using a 
keyword-to-command mapping schema, in which user-entered 
input tokens were programmatically matched to shell commands 
stored in a persistent configuration file (as described in Section 
1.2). 

For example, the command mapping file may contain entries 
such as: 

Open notepad == start notepad 

Open chrome == start chrome 

Open wordpad == start wordpad 

Open file1 == start c:\file1.txt 

shutdown == shutdown /s /t 0 

shutdown_5 == shutdown /s /t 300 

recordaudio == start SoundRecorder.exe 

A user types a command string like “open chrome” into 
some interface, which the system captures the keystroke stream, 
parses the first keyword (“chrome”), and searches the mapping 
file for a corresponding match. The shell command retrieved is 
then run through the “system()” function of C++ and passed to 
the operating system’s native command processor [33]. Such a 
methodology enables both immediate (in real time) and delayed 
(e.g., initiating a shutdown after 300 seconds upon detecting 
shutdown_5) operations. 

In addition to launching applications, it supports auxiliary 
batch script utilities for hardware-level interfaces, like 
generating audio/video recording subsystems within Windows 
operating systems. For example, when RecordAudio is run, 
SoundRecorder.exe is launched to capture sound for a fixed 
period. This utility can be used differently depending on the 
operating system and programming language. 

This traditional assistance framework expands its scope to 
include security-critical automation, enabling it to trigger 
keystrokes for specific protective actions. As shown in the 
authors’ prototype, threat-detection keywords are stored in the 
command mapping file. When typed, either intentionally by the 
owner or accidentally by an unauthorized user, the system 
activates a security protocol that captures audio and video 
streams, encrypts or locks private directories, and executes a 
coordinated shutdown [34], [35]. Such mechanisms provide a 
low-latency, interface-independent safeguard against potential 
data breaches by leveraging event-driven command-execution 
pipelines without requiring GUI intervention. 

B. AI Model-based Assistance in One Place 

As outlined in Section I, state-of-the-art Natural Language 
Processing (NLP) models have been successfully implemented 
to provide domain-specific services across various application 
sectors [1], [2]. Building on the traditional keystroke-capture-
and-trigger method discussed earlier, the framework combines 
multiple AI-driven service modules into a single, interface-
independent environment. This design allows users to access 
various AI Assistance-based features simultaneously without 
being limited by application-specific GUIs or platform 
constraints. [2]. 

While NLP models primarily focus on generating 
semantically coherent responses to text-based queries, AI 
assistance agents are typically trained and configured to execute 
context-aware actions within browser environments, operating 
systems, or hybrid computing ecosystems [36]. For example: 

1) Motion: An AI-driven scheduling engine for dynamic 

task reprioritization and meeting rescheduling based on real-

time availability constraints [37]. 

2) Clockwise: A temporal resource optimization system 

designed to protect focus time and reduce meeting 

fragmentation [38]. 

3) Reclaim.AI: A buffer-creation and automated 

rescheduling assistant for time-block management [39]. 

4) Google: Workspace-based automation tools for 

integrated email handling, calendar synchronization, and cross-

application task execution [40]. 

Whilst these tools will each provide a specific functionality 
in a proprietary or web-based environment, Open APIs 
(Application Programming Interfaces) offer a standardized path 
for integration. In the proposed system, API credentials and 
endpoint configurations are kept in encrypted configuration files 
(described in Section II). An identification keystroke triggers 
each AI assistant. The system captures an event when the user 
enters a pre-defined keystroke sequence, resolves the mapping 
to the corresponding API call, and transmits the request payload 
to the assistant’s open API endpoint over HTTPS using RESTful 
API protocols [15], [16]. 

Direct task orchestration doesn't require an intermediary 
GUI. For example, typing in the command: 

“Send a Thank You email to xyz at 13:00”  

would push the corresponding AI assistant API to schedule 
execution, achieving prompt execution with asynchronous 
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processing guarantees and secure API key or OAuth 2.0 token 
authentication [41]. 

This centralized AI model orchestration framework 
combines multiple automation pipelines, such as scheduling, 
communication, and system-level operations, using a unified, 
low-latency, event-driven command-processing architecture. 
This utility can be set up in the same way as other commands. 
For example, the system utilizes AI-assisted scheduling via an 
open API to automate email scheduling. All it needs is to set up 
the user's email and other prerequisites. Then, this keystroke-
based command can be sent to the open API of the AI assistance, 
and it will schedule the email [32]. 

The system enables the currently running AI assistant to 
schedule email transmission at a specified time using keystroke 
input. Another example is ordering dinner or telling the assistant 
to order a pizza from a particular restaurant in a specific size at 
a specific time. Now, using the method described in Section I, 
the User can switch the AI assistance model with key strokes 
and use different assistance services in real time, just like NLP 
models. 

There are several AI assistants available that offer open APIs 
to help developers utilize them programmatically. Each assistant 
is specialized and already trained to perform different tasks 
efficiently. Details for these open APIs can be added to the 
settings file and easily triggered and used with a single keystroke 
combination. 

To demonstrate the practical use of the proposed framework 
beyond productivity tasks, consider automating a food delivery 
request, like ordering a pizza. Usually, this process involves 
users navigating a vendor’s website or mobile app, selecting 
items, entering delivery information, and completing the 
payment, or, if using AI assistance, opening their application or 
website, writing the prompt and details, waiting for the order 
response, and then switching back to their working window. 
With an AI assistant integrated via Open API endpoints, these 
steps can be performed programmatically with minimal user 
effort. After selecting the appropriate model via a combination 
of keystrokes, the user can type the prompt anywhere, and it will 
be executed. 

In practice, the system leverages natural language parsing 
and intent recognition models to capture the user’s request. For 
instance, a keystroke trigger such as: 

“Order a large pepperoni pizza with extra cheese from 
Domino’s at 7:30 PM.” 

Would be intercepted by the framework’s command 
mapping module and mapped to the corresponding Domino’s 
API (or an intermediary food delivery platform API such as 
Uber Eats or DoorDash. An AI assistance model will do that by 
itself in the background. 

The AI agent translates this natural language request into a 
structured JSON payload containing attributes such as: 

• restaurant_id (e.g., Domino’s) 

• item_id (e.g., large pepperoni pizza) 

• customization (e.g., extra cheese) 

• delivery_time (e.g., 19:30 hours) 

• payment_token (securely stored OAuth 2.0 or PCI-DSS-
compliant token). 

The payload is then sent via a RESTful POST request to the 
vendor’s ordering API. Once authenticated and validated, the 
system sends a confirmation response that the AI assistant may 
display to the user as a text notification. Then it can be generated 
at the user's cursor point via keystroke generation. (e.g., “Your 
pizza order has been scheduled for 7:30 PM”). 

From a systems perspective, this workflow illustrates that 
task-oriented AI assistance not only automates systems but also 
extends to delivering real-world, consumer-facing services. The 
same event-driven orchestration pipeline, keystroke capture, 
intent parsing, API mapping, response handling, and so on, 
simplifies automation of productivity tasks (such as calendar 
scheduling) and lifestyle tasks (like food delivery), highlighting 
the versatility and extensibility of the proposed system 
architecture [42], [43]. 

IV. LEVERAGING NLP IN THE PRESENT INTERFACE-FREE 

SYSTEM 

A. Evolution from Static Mapping to AI-Driven Interaction 

The ability of this model to adopt a specific pattern has been 
a consideration in earlier models, which explored rule-based 
mappings in which a predefined set of user inputs produces 
deterministic outputs, and this was the starting point of the 
proof-of-concept work [2]. Early systems in the field, while 
limited by scalability, were a good way to demonstrate 
keyboard-controlled automation of user assistance. Based on the 
framework mentioned above, this research encompasses next-
generation transformer-based Natural Language Processing 
(NLP) architectures (GPT-2 and BERT, in particular) with open-
access APIs and open-source libraries. This transition from 
hardcoded mappings to context-aware, generative AI 
architectures massively enhances the adaptability and, hence, 
robustness of human-computer interactions [8] [9]. 

Furthermore, the system now supports language inference 
via tokenized input processing, dynamic prompt engineering, 
and response conditioning, allowing it to handle open-ended 
tasks beyond fixed templates. These advancements facilitate the 
transition from static to semantic-level understanding, aligning 
the system’s capabilities with modern NLP standards [44]. 

B. Augmented User-Centric Functionalities of MLP-based 

Frameworks 

1) Offline response caching and persistent knowledge 

storage: One key enhancement in this research is the local 

caching of AI-generated responses for offline use. This 

capability addresses a critical limitation of cloud-based NLP 

models, which typically require uninterrupted internet access. 

The system enables selective storage of high-utility content, 

including commonly queried definitions, domain-specific 

formulas, unit conversions, standardized datasets, and 

language-dictionary-based questions, in JSON or CSV formats. 

If the User generated the prompt without internet access, it will 

look in the cache for similar keywords and create a response 
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that matches the best at the cursor position. (This procedure for 

the keyword matching and generating a response is already 

explained in reference [2].) These cached assets can be accessed 

via background threads or scheduled jobs, ensuring that offline 

inference remains feasible even without invoking remote APIs 

[45]. 

 
Fig. 9. Cached data to train the model. 

This approach aligns with principles of edge AI, where 
inference and computation are offloaded to local devices to 
reduce latency and dependency on external networks, thereby 
enhancing both resilience and real-time performance [46]. 

2) Using the cached data to train the existing model: As 

discussed in Section II, when a special keystroke combination 

is met, the child thread starts the cached base operation. All 

caching will be stored on the User/Developer’s local device and 

used only with authorized permission to generate a more 

accurate prompt via connected NLP models. It can be stopped 

at any time by pressing the special key combinations again. 

It can be stored in the same format as a multi-dimensional 
array mentioned in Section II above, or in JSON format, 
depending on the programming language selected to develop the 
tool. Still, the flow of the operation will be the same. 

Once the user starts using the tool, it begins capturing their 
keystrokes. When the hotkey is pressed, it registers the sequence 
of keystrokes as query sentences. It can submit queries to 
different open-source AI models and receive responses. As 
illustrated in Fig. 9, every time a query is made by pressing the 
Enter key, it is checked against previously cached questions 
(Only after the user activates the cache-based system via a 
special key combination, which is set at “start cached” and “stop 
cached”, later users can change it via config file) and responses; 
if the sentence structure or keywords match, it is noted that this 
may be a similar request. (sentence matching algorithm is 
provided in [2]). Then the previous response will be sent along 
with the query to train the specific model to generate a response 
that matches the last successful pattern. If no match is found, the 
query will be sent to the open-source API as-is. 

Once the framework's thread finds a matching cache 
activation combination, it will activate the program's other child 
thread(loop). This thread is responsible for matching strings 
from the previous response, sending the matched cache along 
with the new request, and storing the input and output. If the user 
presses the same combination again, the thread will stop this 
loop, and no cache will be sent or stored from that point. 

3) Cross-application language support and system-wide 

paraphrasing: The framework also proposes application-

agnostic language support, including real-time spelling 

correction, semantic synonym generation, language translation, 

and context-sensitive paraphrasing. Conventional 

implementations are for word processors (e.g., Microsoft Word 

or Google Docs, typically via plugins or macros). In 

comparison, this system works in the background at the OS 

level, where text is intercepted from any active application 

window and routed through NLP APIs [2], [47]. For example, 

users who write emails in Thunderbird and take notes in Sublime 

Text will receive AI-generated paraphrases or vocabulary 

recommendations without installing software-specific 

extensions. Like OS-level accessibility services, this 

architecture ensures uniform NLP augmentation across a broad 

spectrum of user applications and workflows. 

4) Behavioral biometrics and typing pattern-based 

security: Beyond usability, the proposed system incorporates a 

lightweight, AI-driven keystroke dynamics monitoring module 

that passively analyzes a user's typing biometrics in real time. 

This component captures parameters such as keypress duration, 

inter-key latency, and frequency patterns to establish a unique 

behavioral fingerprint [48]. These learned patterns can be 

frequently used sentences and stored keywords from the cached 

memory and the config file. The child thread will continue 

matching the pattern once started via a special key combination. 

If anomalous input sequences deviate from the learned pattern, 

a security submodule is triggered, which may execute actions 

such as user alerts, session locking, intrusion logging, or system 

shutdown, as per Section III. 

This implementation is inspired by research in behavioral 
user authentication and continuous identity verification, which 
have been applied in domains such as secure terminals, financial 
systems, and high-stakes editorial workflows [49]. Integrating 



(IJACSA) International Journal of Advanced Computer Science and Applications,  
Vol. 17, No. 2, 2026 

45 | P a g e  
www.ijacsa.thesai.org 

this with an NLP interface enables intelligent, non-intrusive 
surveillance, adding a security layer that is particularly 
beneficial to journalists, academic writers, and researchers 
handling sensitive or original content. 

To mitigate the risk of capturing sensitive user inputs such 
as passwords or confidential credentials, the proposed 
framework incorporates application-aware filtering mechanisms 
that identify protected input fields based on standard UI 
attributes, including masked or secure text-entry indicators. 
Input interception is selectively suspended when interactions 
occur within recognized password or secure-entry contexts, 
ensuring that sensitive data is neither processed nor transmitted 
to external inference services. In addition to automated filtering, 
the framework provides a user-controlled pause and resume 
mechanism that allows monitoring to be temporarily disabled 
through predefined commands [2] (e.g., typing a pause trigger), 
enabling users to manually suspend input capture during 
interactions involving sensitive information or private 
credentials. 

With respect to the behavioral protection layer, the biometric 
keystroke analysis module operates on anonymized keystroke 
dynamics features such as typing rhythm and latency patterns 
without retaining raw textual content. The performance of this 
layer is influenced by variability in individual typing behavior 
and environmental conditions, which may result in occasional 
false-positive or false-negative classifications during anomaly 
detection. In the current implementation, the biometric layer is 
intended to function as a supplementary risk-assessment 
mechanism rather than a primary authentication system. Further 
evaluation of classification thresholds and adaptive behavioral 
modeling is identified as an area for future work to improve 
detection accuracy and minimize unintended behavioral 
misclassification. 

5) Additional applications and future-scalable extensions: 

To broaden the scope, several novel use cases are proposed or 

in development: 

• AI-augmented Integrated Development Environments 
(IDEs): Automatic code snippet insertion, real-time 
explanation of programming constructs, and citation 
generation using NLP models like Codex or CodeBERT. 

• Education Platforms: Adaptive learning assistants that 
dynamically rephrase explanations or suggest learning 
resources in response to student queries. 

• Legal and Medical Transcription: Real-time conversion 
of typed input into domain-specific legalese or medical 
jargon using fine-tuned Large Language Models 
(LLMs). 

• Multilingual Operating Systems: Automatic translation 
of input text into target languages on-the-fly for bilingual 
users, with support for right-to-left (RTL) and 
logographic scripts. 

These future extensions illustrate the potential for a modular 
AI service layer across personal computing environments, 
where diverse domains can benefit from real-time, context-
aware, NLP-powered interactions. 

V. CURRENT LIMITATIONS AND ROOM FOR IMPROVEMENT 

Although the proposed method demonstrates how traditional 
user-selected IDEs can be enhanced with AI-driven intelligence 
through keystroke-level interactions, some technical issues 
remain. First, when generating synthetic keystrokes, words with 
repeated characters (like “small,” which has a double "l") can 
sometimes be misread by the keystroke emission module. In 
some cases, the system registers only one keypress event, 
resulting in outputs like “smal” instead of the correct “small.” 
This issue occurs due to event coalescing behavior when rapidly 
dispatching key events, a known challenge in low-level input 
simulation frameworks. 

Second, if the NLP model produces a lengthy or complex 
response, the generated ASCII sequence might exceed the active 
processing buffer's capacity. This can cause the buffer to fill up, 
which may slow performance or, in severe cases, crash the main 
thread responsible for capturing system events and generating 
keystrokes. Similar buffer overflow and thread-blocking issues 
have been observed in asynchronous I/O systems and event-
driven input pipelines. 

Both of these limitations can be addressed in future versions 
of the system by implementing a segmented buffering strategy 
combined with asynchronous queuing algorithms for keystroke 
storage and controlled output. Using dynamic buffer allocation, 
non-blocking queues, and per-character acknowledgment 
techniques can help manage repeated-character sequences 
effectively and prevent overflow during significant responses. 

Although operating system-level input hooks are supported 
across major platforms such as Windows, macOS, and Linux, 
their practical implementation differs due to variations in 
security policies, event-handling frameworks, and permission 
models. For instance, Windows environments allow 
programmatic access to input simulation through system calls 
such as SendInput(), whereas macOS requires the use of Quartz 
Event Services with additional accessibility permissions for 
event interception and synthesis. Similarly, Linux-based 
systems rely on mechanisms such as X11 or Wayland input 
subsystems, which may impose sandboxing or privilege 
restrictions. These platform-specific differences can influence 
the deployment and operational behavior of keystroke 
monitoring and simulation modules within the proposed 
framework. A comprehensive cross-platform implementation 
strategy, accounting for OS-level constraints and permission 
requirements, remains an area for future investigation to 
enhance the portability and robustness of the system. 

VI. FUTURE SCOPE 

In the proposed framework, users can dynamically switch 
among multiple AI and NLP models to leverage their distinct 
functional advantages. Each model offers specialized 
capabilities optimized for specific linguistic or contextual tasks. 
Future enhancements aim to incorporate adaptive analytics 
modules that autonomously select the most appropriate model 
based on the user’s active application context and ongoing 
workflow. This adaptive orchestration will enable real-time 
utilization of heterogeneous AI agents, thereby enhancing 
overall system efficiency and contextual responsiveness. 
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Beyond its current capabilities with open-source NLP 
models, the proposed framework presents significant potential 
for the development of personalized AI assistants. Future 
extensions of this work will focus on enabling the assistant to 
learn individual user behavior, task preferences, and interaction 
patterns over time. By leveraging adaptive learning techniques, 
the system can evolve into a user-specific intelligent agent 
capable of autonomously handling routine daily activities, 
providing contextual recommendations, and optimizing task 
execution based on personal workflows. 

Moreover, future research will explore the integration of 
behavior-aware security mechanisms within personalized 
assistants. By modeling normal user interaction patterns, the 
system can detect anomalous activities and initiate preventive 
actions, thereby strengthening protection against unauthorized 
access and data misuse. Such advancements will transform the 
framework into a comprehensive, user-centric AI ecosystem that 
combines intelligent automation, personalization, and proactive 
security. 

VII. CONCLUSION 

The proposed interface-agnostic AI integration framework 
allows diverse NLP models and AI-based assistants to work 
smoothly without any traditional graphical user interfaces. It 
demonstrates how intelligent automation can be integrated into 
user workflows through low-level input monitoring, 
standardized communication protocols, and secure API 
orchestration. This minimizes reliance on platform-specific 
plug-ins or standalone tools to optimize task execution and user 
productivity. Moreover, AI-assisted decision-making with 
context-aware keystroke interpretation introduces a new 
approach to adaptive computing that learns user intent and 
automatically summons the appropriate AI model for a given 
task. This architecture is modular, secure, and scalable enough 
to support ever-evolving AI ecosystems and open APIs. It's 
possible to further expand this framework with improved cross-
device synchronization, advanced behavioral analytics, and self-
optimizing task delegation to make it accessible across 
enterprise and personal computing environments in future 
iterations. This work adds a valuable insight to the ongoing 
evolution of intelligent human–computer interaction by bridging 
traditional input processing with contemporary AI-driven 
automation. 
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