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Figure 1: Interaction workflow of the voice assistant for controlling digital environments organized into three sequential stages:

(1) Listening, (2) Processing, and (3) Speaking. Note. For example, the user says “Open Firefox.” The voice assistant converts the speech

into text, identifies the user’s intent, executes the corresponding action, and communicates the outcome through synthesized speech.

ABSTRACT

Recent advances in artificial intelligence have significantly
improved computers’ ability to understand natural language,
enabling more intuitive and natural interactions. In this con-
text, this paper introduces a local-first, speaker-aware voice
assistant for controlling digital environments that integrates
speech recognition, speaker identification, large language
model reasoning, automation across digital environments, and
text-to-speech within a modular multi-process architecture.
To support safe interaction, the voice assistant incorporates
a risk-aware validation layer that classifies commands ac-
cording to their potential impact and requires explicit user
confirmation before executing potentially harmful actions.
We evaluated the proposed voice assistant through a pilot
usability study involving seven participants performing repre-
sentative desktop tasks. Preliminary results indicate positive
usability, a favorable user experience, and a 95.5% overall
tool invocation success rate, suggesting that local-first voice
assistants can provide an effective, accessible, and privacy-
preserving approach to digital interaction. Based on these
findings, we discuss future application opportunities in acces-
sible computing and assistive technology.

AUTHOR KEYWORDS

Voice Assistants; Voice User Interfaces; Desktop Automation;
Digital Environment Control.

DOI: 10.37789/icusi.2026.25

133

INTRODUCTION

Voice assistants enable users to interact with computer sys-
tems through natural language [16], also representing an al-
ternative input modality over conventional input devices for
users with impairments [21,24]. Recent advances in speech
recognition, large language models (LLMs), and speech syn-
thesis have considerably expanded the capabilities of voice
interfaces, allowing them to interpret open-ended requests
and support increasingly complex interactions beyond prede-
fined command sets [7,27]. As a result, voice interaction has
moved from research prototypes into everyday life through
commercial assistants such as Amazon Alexa, Apple Siri, and
Google Assistant, which have popularized speech as an input
modality for information retrieval and device control [9].

Interacting with digital environments often involves se-
quences of actions spanning applications, files, windows,
web browsers, and system utilities. Designing such systems
raise challenges and requires balancing technical capabilities
with interaction design considerations [31]. As voice assis-
tants increasingly perform actions on behalf of users, they
need to provide clear feedback, make their actions under-
standable, and ensure that control ultimately remains with
the user [2]. This aspect is particularly important for users
with physical impairments, who may encounter additional
challenges when interacting with computer systems. At the
same time, privacy has become a central design consideration
because many voice assistants process user speech on cloud
infrastructure [18]. Moreover, voice-based interaction may
also provide an alternative input modality for people with
motor impairments, who may experience difficulties using
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conventional mouse and keyboard input [6]. Building on
these considerations, we introduce in this paper an LLM-
based voice assistant for controlling digital environments.
Accordingly, our contributions are as follows:

(1) A local-first voice assistant architecture for control-
ling digital environments that integrates speech recog-
nition, speaker identification, LLM-based reasoning,
explicit risk-aware command validation, automation
across digital environments, and speech synthesis
within a modular multi-process architecture.

A pilot usability study evaluating the proposed voice
assistant through subjective user feedback and objec-
tive performance metrics.

RELATED WORK

This section reviews prior work relevant to the proposed voice
assistant, including advances in speech and language technolo-
gies, voice-based desktop assistants for digital interaction and
automation, and accessibility considerations for voice input.

@

Speech and Language Models

The capabilities of LLMs have expanded from text genera-
tion toward structured and multi-step problem solving [17],
where the model iteratively proposes, evaluates, and refines
candidate solutions instead of returning a single answer [15].
These advancements have enabled LLMs to serve not only
as conversational interfaces, but also reasoning engines ca-
pable of planning actions and coordinating external tools,
making them well suited for interacting with and control-
ling user interfaces and systems. Speech technologies com-
plement LLMs by supporting spoken input and synthesized
responses. Recent advances have enabled fast and natural
voice interaction [4,12,26]. On the input side, recent advances
in self-supervised and large-scale learning have significantly
advanced automatic speech recognition (ASR). For example,
wav2vec 2.0 learns representations from unlabeled audio [4],
and Whisper demonstrates that large-scale weakly super-
vised training enables accurate, multilingual, and noise-robust
transcription without task-specific fine-tuning [22]. Speaker
recognition has advanced alongside ASR, enabling systems to
identify not only what is being said but also who is speaking.
Recent speaker-embedding models, from x-vectors [26] to
TitaNet [12], transform short speech segments into compact
embeddings that can be compared using similarity metrics for
speaker verification and identification, making user-specific
personalization possible in shared computing environments.

Voice Assistants

Recent work on voice assistants has increasingly explored
voice as the primary interaction modality for controlling
digital environments [7,10,13,27]. For example, Dobriyal et
al. [7] introduce Sara, an Al-driven personal desktop assistant
that pairs speech recognition with task automation and third-
party APIs to streamline routine work. Another approach is
Al-Based Desktop VIZ, which integrates an OpenAl API-
based language model with PyAutoGUI automation library,
enabling it to control mouse and keyboard input and interact
with arbitrary desktop application windows [27]. The ZIVA
desktop assistant [13] provides a Python-based voice interface
for controlling Windows through spoken commands to oper-
ate their machine, replacing manual input for routine tasks.
Similarly, Leo [10] is a hands-free assistant that uses voice

134

commands for common desktop tasks, including messaging,
media playback, and screenshots.

Accessibility of Voice Input for Users with Impairments

Voice interaction has also been explored as an alternative to
conventional touch, mouse and keyboard input, particularly in
accessibility contexts [3,21,23,24]. For example, Pradhan et
al. [21] found that voice assistants can support greater in-
dependence for users with disabilities in everyday activities,
while speech and hearing impairments can present accessibil-
ity barriers. Voice-based programming has been investigated
for users with motor impairments, e.g., Rosenblatt ez al. [24]
developed VocallDE for speech-based code navigation and
editing. Beyond programming, Aziz et al. [3] explored speech-
based manipulation of graphical objects, while Reicherts et
al. [23] found that voice-based interaction in collaborative
data analysis led to more system interactions, conversational
turns, and questions.

To the best of our knowledge, existing voice assistants for
digital environment control do not jointly support speaker-
aware personalization and explicit multimodal confirmation
for high-risk actions. In the following sections, we introduce a
voice assistant for controlling digital environments that adopts
a local-first architecture with speaker-aware personalization
and explicit risk-aware validation, ensuring that potentially
harmful actions require user approval before execution.

SYSTEM DESIGN AND ARCHITECTURE

This section presents the design principles and architectural
decisions that guided the implementation of the proposed
voice assistant. The proposed voice assistant is a modular,
multi-process system comprising four components such as
audio capture, speech understanding, reasoning and action,
and speech synthesis. These components form a processing
pipeline synchronized through a shared interaction state and
coordinated by the main process, which hosts the graphical
user interface and centralizes application logging. The archi-
tecture is local-first, with all speech processing performed on-
device, while the language model may run locally or through
a remote API. The LLM communicates with the operating
system through a structured tool interface (e.g., launching
applications, managing windows, running shell commands,
browsing and reading or writing files). All tool invocations
are validated, and high-risk operations require explicit user
confirmation before execution. Within a single interaction, the
system identifies the speaker, interprets the request, executes
the corresponding action, communicates the outcome, and
returns to the listening state; see Figure 1. The supporting
architecture is shown in Figure 2. The following sections
describe in detail the main components of our system.

Audio Capture

The audio process captures the microphone at 16 kHz in
512-sample (32 ms) frames and applies a streaming Silero
voice-activity detector! to decide, frame by frame, whether
the user is speaking; see Figure 2. A short pre-buffer of 0.4 s
is added to each detected speech segment to ensure that the be-
ginning of a word is preserved. Speech is considered complete
after 500 ms of trailing silence. To prevent the voice interface
from transcribing its own output, a fundamental turn-taking

Uhttps://github.com/snakers4/silero-vad
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Figure 2: The architecture of the proposed voice assistant consisting of four concurrent stages connected by message queues and a
shared interaction state, with a validate—gate—confirm-log safety layer around command execution.

problem [20], the pipeline maintains an explicit shared inter-
action state with three values: LISTENING, PROCESSING
and SPEAKING. Specifically, immediately before audio play-
back begins, the synthesis stage sets the interaction state to
SPEAKING. The audio capture process detects this change
and temporarily suspends speech detection, preventing the
voice assistant from transcribing its own output. Once play-
back is complete, a short post-speech delay of 0.35 s allows
any residual audio from the loudspeaker to dissipate. The de-
tector is then reset to clear its internal state, and the interaction
state returns to LISTENING. The values of the pre-buffer du-
ration, silence threshold, and post-speech delay were selected
empirically based on iterative experimentation.

Speech Recognition

Each detected speech segment is transcribed by Faster-
Whisper2 (large-v3-turbo) [22] using GPU-accelerated
quantized inference; see Figure 2. The language of each
speech segment is detected independently and processed only
when the confidence score exceeds a predefined threshold.
Segments shorter than a minimum duration are discarded to
avoid transcribing incidental noise.® In parallel, speaker iden-
tification is performed using a TitaNet speaker-embedding
model [12]; see Figure 2. Each speaker is enrolled offline
by recording a short voice sample. A dedicated registration
tool extracts and stores a compact embedding that represents
the speaker’s voice. During operation, an embedding is
computed for each detected speech segment and compared
with the stored profiles using cosine similarity, the scoring
method used by TitaNet model. If the highest similarity score
exceeds a predefined threshold, the corresponding speaker
is identified, otherwise, the speech segment is treated as
originating from an unknown user.

2https://github.corn/SYSTRAN/faster—whisper

30n standard benchmarks, the Whisper large-v3 (https://github.com/openai/wh
isper) model achieved a low word error rate (WER) for English, approximately 4.1%
on FLEURS and 9.3% on Common Voice 15. Faster-Whisper reproduces the same
transcription accuracy as the reference implementation while providing substantially
faster and more memory-efficient inference.
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Language Understanding and Execution

The transcribed request includes the speaker’s identity and
a snapshot of the currently active application windows, pro-
viding contextual information about both the user issuing the
request and the current state of the digital environment. This
stage encapsulates an LLM behind a provider-agnostic inter-
face and implements an iterative tool-calling loop based on
reasoning-and-acting agent frameworks [25]. At each step,
the model either responds to the user or invokes one or more
tools. Following each tool invocation, the resulting output is
returned to the model for evaluation, enabling it to determine
whether additional actions are necessary or the requested task
has been completed. The assistant provides tools that mirror
common digital interactions. It can execute shell commands,
open, close, focus, or resize application windows, open web
pages, send keystrokes, query system information, and read or
write files. Shell commands can be executed in three modes,
such as a background mode that returns the output only to
the assistant, a launch mode for starting graphical applica-
tions without waiting for completion, and a visible mode that
runs commands in a terminal so the user can monitor their
progress; see Figure 2. Beyond maintaining awareness of
the currently open windows, the assistant can also perceive
on-screen content when required. It achieves this by either
extracting visible text using Tesseract OCR* or by provid-
ing a screenshot to a vision language model. This capability
enables the assistant to ground requests that depend on the
displayed content, such as reading an error message or locat-
ing a visible interface element. Because screen perception is
significantly more computationally expensive than interacting
with the desktop directly, it is invoked only when the required
information cannot be obtained through other means.

Safety Layer

Because the assistant can perform real actions, some of which
are irreversible, trust and user control are treated as funda-
mental aspects of the interaction rather than implementation
details. Before execution, each action is classified as safe,
risky, dangerous, or forbidden using lists of known safe and
dangerous commands, patterns for irreversible operations

“https://github.com/tesseract-ocr/tesseract
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(e.g., recursive deletion or disk formatting), and heuristics
that detect attempts to bypass these checks through command
chaining or piping. The use of four ordered levels follows the
granularity of established risk-severity scales in safety and
security engineering [29]. Commands classified as forbidden
are rejected and never executed. In the example from Figure 1,
launching Firefox is a safe action and proceeds without inter-
rupting the user, whereas a request such as deleting a file is
treated as dangerous. Whether a risky or dangerous action is
executed depends on the speaker’s permission level. When
confirmation is required, the assistant pauses and requests ex-
plicit approval through either voice or the graphical interface,
ensuring that the final decision remains with the user rather
than the language model. Each executed command is logged
with its risk level, exit status, output size, and execution time,
providing an accountable record of the assistant’s actions.
This layered design, validate, gate, confirm, and log, follows
the principle that autonomous systems should keep users in
control; see Figure 2.

Speech Synthesis, Interface, and Instrumentation

System responses are synthesized locally using the Piper neu-
ral text-to-speech model® and streamed to the loudspeaker;
see Figure 2. During playback, the interaction state is set to
SPEAKING, temporarily suspending microphone input to
prevent the assistant from interpreting its own synthesized
speech as a new command. In our example (see Figure 1),
the assistant synthesizes the confirmation “Opened Firefox.”
Once playback is complete, the interaction state returns to
LISTENING, and control of the conversation is handed
back to the user. The current interaction state (LISTENING,
PROCESSING, and SPEAKING) is displayed as a banner
combining textual label and background color. The same
state is mirrored as text in the window status bar, while a
secondary status line reports the microphone condition and
the most recent transcription. The interface further presents
live speech transcriptions, assistant responses, and controls
for muting the microphone, entering a command as text, and
confirming pending actions, all accessible through standard
keyboard. During execution, each process and component
records structured logs and performance metrics, which are
collected and stored for subsequent analysis.

Error Handling and Recovery

Because the pipeline is probabilistic, uncertain input is re-
jected before execution, i.e. speech shorter than 0.5 s are
dropped as noise or with low language-identification con-
fidence is discarded rather than forwarded to the language
model. Also, speaker identification returns unknown when it
cannot detect the speaker. In both cases the voice assistant
stays silent and returns to LISTENING, so a rejected spoken
input simply requires the user to repeat the request and does
not produce an unintended action. When execution itself fails,
the resulting error is returned to the language model as an
explicit failure observation, e.g., “Text ‘Sign in’ not found on
screen” when a screen element cannot be located. Commands
classified as risky require explicit confirmation, which can be
provided by voice (“yes”, “cancel”, “stop”) or by pressing
a confirmation button on the interface. An unrecognized re-
sponse triggers one additional prompt, and no answer within

Shttps://github.com/OHF-Voice/piper1-gpl
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30 s cancels the command by default, so the pipeline never
blocks. Retained dialogue history allows users to correct mis-
interpreted requests conversationally, e.g., “No, open it in VS
Code instead.” The assistant can also undo actions within the
active application using synthesized keyboard input. Cancel-
ing, repeating, and correcting a request do not require mouse
or keyboard input, but reverting a completed file operation
requires a separate explicit instruction.

Overall, in developing the proposed voice assistant, we
adopted Silero VAD, TitaNet, and Piper TTS because they
are open-source, support local execution, and provide real-
time performance. Silero VAD detects speech with minimal
delay, TitaNet identifies speakers efficiently, and Piper TTS
generates natural-sounding speech on the user’s device.

PILOT USER STUDY

To evaluate the proposed voice assistant for controlling digital
environments, we conducted a pilot user study focusing on
desktop environments as a specific type of digital environ-
ment. In the following, we describe the study methodology,
including experimental tasks and evaluation measures.

Pilot User Study Description

Seven participants (five male and two female), aged between
23 and 41 years (M=28.7, SD=6.4), were recruited through
mailing lists and convenience sampling. All participants re-
ported frequent use of both PC/laptop and smartphone. Over-
all, participants reported relatively infrequent use of voice
assistants, with a mean usage frequency of 2.0 on a 5-point
Likert scale; see Figure 3a. Similarly, their comfort with
cloud-based speech processing was moderate to low (M=2.6),
suggesting some concerns about cloud-based speech process-
ing; see Figure 3b. Participants also revealed a preference
for privacy in speech processing, therefore, more than half
(57.1%) preferred all speech processing to be performed lo-
cally on the device, while 28.6% favored a hybrid approach
in which cloud processing is used only when necessary. None
of the participants preferred speech processing to occur en-
tirely or primarily in the cloud, and 14.3% reported having no
preference; see Figure 3 for additional details. The study was
approved by the university ethics review committee.

Task

After completing the demographic questionnaire, participants
performed three practice voice commands to familiarize them-
selves with the proposed voice assistant. Then they completed
the experimental tasks T;-Ty5 listed in Table 1. The tasks
were designed to cover desktop activity categories identified
by Hazem et al. [1], including searching, browsing, reading,
writing, interpreting, debugging, playing, and watching, while
also assessing the proposed voice assistant’s capabilities in
file management, application control, and desktop automation.
Finally, participants completed the SUS and UEQ+ question-
naires to assess the system’s usability and user experience.

All sessions were conducted on a laptop with an Intel Core
19-14900HX CPU, 64 GB of RAM, and an NVIDIA GeForce
RTX 4070 Laptop GPU with 8 GB of VRAM, running
Ubuntu 24.04 LTS with GNOME desktop under X11 session.

Design and Measures

We evaluated the proposed voice assistant for controlling
digital environments from two complementary perspectives.
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Table 1: List of experimental tasks used to evaluate the
proposed voice assistant for controlling digital environments.

No. Voice command
T
T,

What is the current weather in <X>?
Create a folder on the Desktop named “Notes <today’s date>"
and show me the folder.
Open Firefox and search for paper Attention Is All You Need.
Open the second result and read the title.
Write the abstract of this paper to a . txt file and save it in the
previously created folder.
Open the . txt file.
Create a Python file with Rock, Paper, Scissors game.
Debug the generated Python code in Visual Studio.
Play a game. Press the S key. Close the game.
Search for imagel .png on the Desktop and copy it to the
10 previously created folder.
T;: Show me the folder.
Search for a video about Rock, Paper, Scissors and open the

12 first result.
T3 Close Firefox.
T4 Select the files from previously created folder and delete them.
Ti5 Delete all folders from the Desktop.

First, we assessed users’ subjective perceptions of usability
and user experience using the following subjective measures:
M, User Experience Questionnaire Plus (UEQ+)%, using the
Comprehensibility, Response Quality, Response Behav-
ior, Intuitive Use, and Stimulation scales. We selected
these scales based on prior work evaluating Alexa [11].
M, System Usability Scale (SUS), 10-item questionnaire that
captures users’ perception of a system’s usability [5].
Voice assistant performance was assessed using the following
objective measures collected during the experimental tasks:

Ms Execution Time, measured as the completion time be-
tween the invocation of a tool and the completion of its
execution, reported as the mean execution time per tool.

M, Success Rate, defined as the proportion of successful
tool invocations out of all tool invocations across all
experimental tasks.

RESULTS

The results revealed a positive overall user experience across
all selected UEQ+ dimensions (Figure 3f). Response Be-
haviour received the highest rating (M=4.4, SD=0.7), fol-
lowed by Comprehensibility (M=4.3, SD=0.8), while Intuitive
Use and Response Quality were also rated highly (M=4.2,
SD=0.7 and M=4.2, SD=0.8, respectively). Stimulation re-
ceived the lowest, but still positive, rating (M=3.9, SD=0.9).
The proposed system achieved a SUS” score of 78.9. Overall,
these results indicate that participants perceived the proposed
voice assistant as usable, intuitive, and engaging.

Table 2 summarizes performance metrics for 216 tool invoca-
tions recorded across the 15 experimental tasks (see Table 1).
The number of tool invocations varied across participants
because some commands were executed successfully on
the first attempt, while others required one or more repeti-
tions before successful completion. Execution times ranged
from 0.2 ms (write_file)to 1747.5ms (click_text),
reflecting differences in operation type across three perfor-
mance categories. The fastest operations are lightweight

6https://ueqplus.ue(.]»resea.rch.org/
7According to established SUS benchmarks [14], scores around 80 are generally
interpreted as indicating good usability and strong user acceptance.
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Table 2: Execution performance of the desktop control tools
invoked in our user study. For each tool, the table reports the
number of invocations, average execution time, 95th-percentile
latency, and success rate across all sessions.

Avg. Rate of
Tool No. (ms) p95 (ms) Success
click_text 14 1747.5 2099.0 92.9%
close_application 9 6.0 6.6 77.8%
focus_window 8 6.3 7.7 100%
get_system_info 7 56.0 68.2 100%
open_application 6 1100.1 1524.1 100%
open_url 19 5737 1291.4 89.5%
read_screen 37 8733 1313.3 100%
run_shell 87 241.1 904.3 93.1%
set_window_state 4 59 6.4 100%
show_desktop 2 2.6 2.7 100%
type_text 13 112.0 152.1 92.3%
write_file 10 0.2 0.3 100%
Overall 216 393.7 614.7 95.5%

local tasks, such as write_file, show_desktop,
close_application, focus_window, and
set_window_state, which execute synchronously and
complete in under 7 ms without the overhead of launching
external applications or interpreting on-screen content. The
second category includes task-dependent operations. For
example, the execution time of t ype_text increases with
the amount of text (112 ms on average, 152.1 ms p95),
whereas run_shell varies considerably depending on the
executed command (241.1 ms, 904.3 ms p95). The slowest
tools depend on external programs or screen perception.
Opening an application or a web page requires waiting for
the target application or browser to start and become avail-
able (open_application, 1100.1 ms or open_url,
573.7 ms). Similarly, read_screen (873.3 ms) must cap-
ture and interpret the display and c1ick_text (1747.5 ms),
the most expensive tool, must first locate the target text on the
screen before acting; please see Table 2 for more details. Tool
usage was concentrated on a few general-purpose tools, with
run_shell accounting for 40.3% of all calls, followed by
read_screen (17.1%) and open_url (8.8%).

Across all experimental sessions, 95.5% of tool invocations
were successful. The failures that occurred were mostly asso-
ciated with tools that must locate a specific on-screen element,
either by matching an application title or by searching for visi-
ble text, e.g., close_application (77.8%), open_url
(89.5%), type_text (92.3%) and click_text (92.9%).
By contrast, several tools achieved a 100% success rate,
such as show_desktop, read_screen, write_file,
get_system_info, set_window_state, focus_
window. Overall, the results indicate that the assistant is
more likely to fail when determining where to act than when
executing the action itself.

The qualitative feedback collected from our participants was
generally positive and aligned with the quantitative results.
Participants highlighted the voice assistant’s ease of use (P3),
fast response time (P4), and the versatility of the supported
voice commands (Ps5). They also described the system as
providing a novel interaction experience and appreciated its
ability to accelerate common desktop tasks through voice
control (P,, P;). One participant, P; specifically appreciated
the explicit confirmation mechanism for potentially harmful
actions, noting that it increased their confidence in using the
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a) Frequency of Voice Assistants Use
= M
1 2 3 4 1 2 3

c) Frequently Used Voice Assistants

Microsoft  0.0% Rarely use 71.4%
ChatGPT 14.3% Home 57.1%
Alexa 14.3% Public  0.0%
Google 42.9% Car  0.0%
Siri 57.1% Work  0.0%
0%  20%  40%  60% 0% 20% 40% 60%

b) Comfort with Cloud Speech Processing

d) Voice Assistant Usage Environments

e) Preferred Speech Processing Approach

No preference 14.3%
Entirely in the cloud
) Mostly in the cloud
Mostly local, cloud if needed 28.6%
Entirely on the device 57.1%
f) User Experience Questionnaire plus (UEQ+)
Comprehensibility [ZENI ——
Response Quality [ —
Response Behaviour [V —
Intuitive Use  [FEE —
stimulation [ECHIE —
80% 1 2 3 4 5

Figure 3: Participants’ voice assistant experience, usage habits, privacy preferences (a—e), and UEQ+ ratings (f).

voice assistant because it prevented unintended or irreversible
operations from being executed without their approval. Over-
all, their feedback suggests that users perceived the proposed
voice assistant as both practical and intuitive.

DISCUSSION

This study has several limitations that provide directions for
future work. First, our evaluation covered a limited range of
speech patterns. Although none of the participants reported
speech or other physical impairments, we observed recurring
cases in which spoken input was discarded before reaching
the language model, most often because non-native English
speech was misidentified as another language. The assistant
may encounter difficulties when users change their intent
mid-command, reformulate requests, or use regional dialects.
Moreover, discarded spoken inputs currently receive no re-
sponse, leaving users without clear feedback about the cause
of the failure. Future work will therefore evaluate a broader
range of speech patterns, while improving feedback for unrec-
ognized input, speech recognition, and language understand-
ing to better handle such variations.

The relatively small number of participants limits the gen-
eralizability of the findings. For example, our study did not
include users with motor, speech, or visual impairments nor
users of assistive technologies. Consequently, the system’s
accessibility was not evaluated directly for these user pop-
ulations, and the empirical evidence we gathered is limited
to indirect assessments of overall system usability through
UEQ+ and SUS. However, users with speech impairments
may experience additional recognition barriers, while users
with motor or visual impairments may have different interac-
tion and feedback needs that should be captured in future eval-
uations. Accessibility-oriented interaction design has been
investigated for other input modalities in the scientific litera-
ture. Gesture-A11Y [28], for example, provides a large-scale
repository of touch, motion, on-wheelchair, and on-body ges-
ture records from users with visual and motor impairments to
inform the design and evaluation of accessible gesture input.
In this context, it could be extended to voice interaction by
including speech data from users with various disabilities, sup-
porting the design of more accessible voice interfaces. More-
over, Guritd and Vatavu [8] found that including accessibility
requirements can improve the accessibility of LLM-generated
user interfaces. However, they also mentioned that meeting
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technical requirements is not enough on its own and accessi-
ble systems should also reflect real user needs, diverse data,
and the context in which people interact with them. In this
context, future work will include a larger and more diverse
group of users with disabilities, including motor, speech, and
visual impairments, while considering differences in speech
abilities and speaking patterns when evaluating accessibility.
Future work will extend the voice assistant to other digital
environments and devices, such as smartphones and tablets,
and compare voice-based interaction with conventional input
methods across different usage scenarios, including touch-
screen gesture-based input [19] and its examination in ability-
oriented approaches [30] for more accessible interactions.
Lastly, our evaluation focused on desktop interaction within
a Linux-based GNOME environment and did not compare
speech with conventional keyboard-and-mouse input, which
we leave for future work as well.

CONCLUSION

This paper introduced a local-first, speaker-aware voice assis-
tant for controlling digital environments that integrates LLM-
based reasoning with explicit risk-aware command validation.
The preliminary evaluation showed positive user perceptions,
while the high success rate of tool invocations reflects the ef-
fectiveness of the evaluated desktop-control operations. These
characteristics also highlight the potential of voice-based in-
teraction as an alternative modality for users with motor or
visual impairments, who may face additional challenges in
using conventional interaction techniques and devices.
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