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Abstract—The rapid expansion of large language model (LLM) 
capabilities has created significant opportunities for developer 
tooling, yet the overwhelming majority of existing solutions 
remain tightly coupled to cloud infrastructure. This architectural 
dependency introduces privacy risks, always-on connectivity 
requirements, and recurring API costs that are incompatible with 
a wide range of professional and academic environments. This 
paper presents LLMTerm, a locally executed, privacy- preserving 
AI assistant designed specifically for command-line environments. 
The system integrates a locally hosted language model through 
Ollama, a complete voice interaction pipeline covering both 
speech recognition and text-to-speech synthesis across nine voice 
profiles, privacy-respecting web search aug- mentation, seven AI-
powered file operations, and a three-tier command safety 
classifier that categorises every AI-generated shell instruction into 
SAFE, CAUTION, or DANGER before any execution is 
permitted. Every core operation runs on the user’s own hardware 
with no outbound data transmission, making the tool equally 
usable in air-gapped environments and on Android devices 
through Termux. Implementation uses pure Python with zero 
third-party dependencies on the critical path, reducing in- 
stallation to a single script on Arch Linux, Ubuntu, and Android. 
Performance evaluation across desktop and mobile hardware 
confirms interactive response latencies of 0.6–3.2 s to first token, 
with an application-layer memory footprint below 30 MB. The 
danger classification engine achieves 100% correct categorisation 
across a 40-command validation set with zero false negatives on 
destructive commands. Comparative analysis against ShellGPT, 
Aider, GitHub Copilot CLI, and Warp AI demonstrates that 
LLMTerm is the only tool in this category combining local 
inference, zero API cost, voice interaction, Android support, 
and principled command safety within a single zero-dependency 
application. 

Index Terms—Large language models, local inference, terminal 
assistant, command safety classification, voice interface, privacy- 
preserving AI, Ollama, speech recognition, offline AI, developer 
productivity, Python, Whisper 

I. INTRODUCTION 

The terminal has remained one of the most productive and 

enduring environments in software development for over five 

decades. System administrators, DevOps engineers, security 

researchers, and professional developers spend a dispropor- 

tionate share of their working hours in command-line inter- 

faces because these environments offer directness, scriptability, 

composability, and a level of system access that graphical tools 

rarely match. The Unix philosophy of composable single- 

purpose tools connected through pipes has proven remark- ably 

durable, and the terminal has adapted to every major 

computing paradigm shift from mainframes to cloud-native 

containerised services. 

Despite this central role in professional computing, the wave 

of AI-powered developer assistance that has emerged over the 

past few years has largely bypassed the terminal. Tools like 

GitHub Copilot and ChatGPT require a browser or a 

proprietary IDE extension; they transmit every query, code 

snippet, and error message to remote servers; and they stop 

working the moment network access is lost or restricted. The 

implicit bargain is that convenience comes at the price of data 

sovereignty, and for a growing number of developers, that price 

has become unacceptable. 

The consequences of this gap are concrete and widespread. 

A developer debugging proprietary business logic on an 

isolated corporate network cannot share stack traces with a 

cloud AI service. A student in a region with unreliable 

broadband cannot rely on an always-on subscription tool during 

examinations or coursework. A system administrator managing 

critical healthcare or financial infrastructure cannot risk 

sending configuration files, environment variables, or 

credential fragments to a third-party endpoint. A researcher in 

an air-gapped laboratory simply has no connectivity to offer. 

These are not rare edge cases; they describe a substantial and 

underserved fraction of the global developer community. 

Two recent technological developments have made it prac- 

tical to address this gap seriously. First, efficient open-weight 

language models including Qwen2, Llama 3.2, and Phi-3 

demonstrated that models delivering professionally useful out- 

put can be stored in two to five gigabytes and run on consumer 

laptop hardware without dedicated GPU acceleration [12], [13], 

[18]. Second, the Ollama project built a polished, low- friction 

runtime for these models that handles quantisation 

automatically, detects available hardware acceleration, and 

exposes a clean HTTP API, making local inference accessible 

to non-specialist users [2]. What remained missing was a well-

engineered application layer combining conversational AI, 

voice interaction, code assistance, web search, and safety- 

aware command execution into a coherent, terminal-native 

experience. 

LLMTerm fills that role. It connects to a locally running Ol- 

lama instance and exposes a structured command vocabulary at 

the shell prompt. Users can carry on multi-turn conversa- tions, 

ask the system to write or repair source files, query 
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the model about installed software, search the web through 

privacy-respecting engines, and interact entirely by voice when 

their hands are occupied, all without any data leaving the device 

except the user’s explicit web search queries. The application 

is implemented in approximately 2,500 lines of plain Python 

using only the standard library, so installation requires nothing 

beyond cloning the repository and running a provided platform-

specific script. 

A. Problem Statement 

Current AI-assisted developer tools present a fundamental 

trade-off: powerful assistance comes bundled with mandatory 

cloud connectivity, per-token API costs, and the implicit ac- 

ceptance that proprietary code, system configurations, and per- 

sonal queries will be processed on infrastructure the developer 

does not control. Tools that have attempted offline assistance 

have historically accepted major functionality compromises, 

offering either narrow autocomplete without conversational 

depth or local inference without the complementary features— 

voice, web search, file operations, session management—that 

make an assistant genuinely useful across a full working day. 

LLMTerm is designed to resolve this trade-off rather than 

accept it. 

B. Paper Contributions 

The specific contributions of this paper are: (i) the archi- 

tecture of a zero-dependency Python application orchestrating 

local LLM inference, voice processing, web search, and file 

operations into a coherent terminal workflow; (ii) a three-tier 

rule-based command safety classifier that assigns a risk level to 

every AI-generated shell command prior to user approval, 

preventing model hallucinations from reaching the file system 

without human review; (iii) an iterative auto-fix loop for 

runtime script errors requiring no function-calling API and 

operating reliably on standard instruction-following models; 

(iv) performance measurements across three hardware tiers and 

a structured comparative analysis against four leading alterna- 

tives; and (v) discussion of the ethical principles embedded in 

the design and a prioritised roadmap for future research. 

C. Paper Organisation 

The remainder of this paper is structured as follows. Sec- tion 

II surveys related work across four domains. Section III 

describes the system architecture, component design, and 

safety methodology. Section IV covers implementation details. 

Section V presents results including performance data and 

comparative analysis. Section VI identifies future research 

directions. Section VII draws conclusions. 

II. LITERATURE SURVEY 

A. Evolution of AI-Assisted Terminal Tools 

The command-line interface has been a subject of usability 

research since the early 1980s, with recurring findings that the 

primary barrier to effective terminal use is command 

discoverability rather than execution speed [10]. Early help 

systems relied on static documentation: man pages provided 

comprehensive reference material, but only to users who 

already knew which command to look for. Web search engines 

partially addressed the lookup problem at the cost of context 

switching that breaks concentration and reduces developer 

flow. 

The first generation of AI-augmented terminals focused on 

shell autocomplete. Fig (acquired by AWS in 2023) and Tab- 

nine applied machine learning to command usage history to 

suggest completions, improving discoverability for frequently 

used operations but providing no conversational depth. Both 

products required cloud connectivity to function, narrowing 

their applicability. 

Warp Terminal, launched in 2022, took a more ambitious 

approach by embedding a GPT-based assistant directly into 

a redesigned terminal emulator [1]. Users could describe 

what they wanted to accomplish in natural language and receive 

suggested commands—a genuine productivity advance for 

interactive use. However, Warp’s AI features route all queries 

through cloud infrastructure, the product is a com- plete 

terminal replacement unavailable on headless servers or 

Android devices, and AI assistance requires an active account 

with persistent connectivity. These constraints exclude most of 

the professional scenarios where terminal-native AI assistance 

would be most valuable. 

ShellGPT (sgpt) brought conversational LLM assistance 

closer to the prompt by wrapping OpenAI API calls in 

a lightweight CLI tool. While functional, its architectural 

dependency on the OpenAI API means all query content is 

transmitted externally, per-token costs accumulate with usage, 

and offline operation is impossible. The release of Ollama in 

2023 opened a fundamentally different path by demonstrating 

that billion-parameter models could serve requests from a local 

HTTP endpoint on consumer hardware with acceptably low la- 

tency [2]. The open-source community quickly developed tools 

that consumed the Ollama API, but early implementations 

lacked comprehensive feature sets, particularly in voice inter- 

action, command safety enforcement, and persistent session 

management. LLMTerm provides the complete application 

layer these prototypes left undeveloped. 

B. Speech Recognition and Voice Interfaces 

Voice interfaces in developer workflows have historically 

faced a binary choice between cloud accuracy and local 

privacy. Google Speech-to-Text, Amazon Transcribe, and Mi- 

crosoft Azure Speech Services achieve high word-error rates 

but transmit audio data to remote infrastructure, which is 

unacceptable in any environment handling confidential infor- 

mation [9]. Earlier offline alternatives such as CMU Sphinx and 

Kaldi offered local operation but required per-user acous- tic 

model training, had limited vocabulary coverage, and were 

difficult to integrate into Python applications without 

significant engineering effort. 

OpenAI’s public release of Whisper in September 2022 

changed this landscape substantially [3]. Whisper is an 

encoder-decoder transformer model trained on 680,000 hours 

of multilingual, weakly supervised audio data collected from 
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the web. It achieves word-error rates competitive with leading 

commercial services while running entirely on local hard- ware. 

The open-source release enabled an immediate wave of 

community-driven optimisations, most notably Faster Whis- 

per [4], which applies CTranslate2 integer quantisation to 

reduce memory footprint and improve throughput by two to 

four times compared to the original implementation. 

Accurate Voice Activity Detection (VAD) emerged as an 

equally important enabling technology. Without VAD, voice 

interfaces require manual push-to-talk controls that inter- 

rupt workflow and reduce the sense of natural interaction. 

Silero VAD [5] achieves detection accuracy above 95% with 

millisecond-scale inference latency, enabling genuinely hands- 

free operation. WebRTC VAD provides a lightweight alterna- 

tive with lower computational requirements for constrained de- 

vices. LLMTerm integrates Silero as the primary VAD engine 

and WebRTC as a fallback, and supports nine voice profiles 

spanning Indian, British, and American English variants in both 

male and female voices. 

Text-to-speech technology has followed a parallel trajectory. 

Cloud TTS services such as Google WaveNet and Amazon 

Polly generate near-human speech but require audio data to be 

sent to remote servers. Microsoft Edge TTS achieves com- 

parable quality via an online API that transmits only text rather 

than audio, substantially reducing the privacy surface. For fully 

offline operation, Kokoro TTS provides neural synthesis on 

local hardware with acceptable quality, ensuring that the 

complete voice pipeline can function without any network 

connectivity. 

C. Privacy-Preserving AI Deployment 

The privacy implications of cloud AI services have been 

extensively documented in academic and industry literature. 

Samsung’s 2023 disclosure of proprietary source code and 

internal meeting notes being submitted to ChatGPT by em- 

ployees became one of the most widely cited examples of 

the risks inherent in cloud-routed AI assistance [9]. Several 

architectural responses have been proposed and studied. 

Federated learning distributes model training across devices 

without centralising raw data [16]. While this approach makes 

meaningful progress on training-time privacy, it does not 

address inference-time privacy—the concern of most relevance 

to a developer interacting with an AI assistant in real time. 

Homomorphic encryption enables computation on en- 

crypted data, promising privacy-preserving cloud AI without 

requiring local model execution [6]. However, current im- 

plementations impose performance penalties of several or- ders 

of magnitude over plaintext computation, making real- time 

conversational interaction completely impractical on any 

commodity hardware available today. This remains an active 

research area with promising theoretical properties but no near- 

term deployment path for latency-sensitive applications. 

Local model deployment is the most direct and currently 

practical response to inference-time privacy concerns. The 

development of GGUF 4-bit and 8-bit quantisation formats by 

Gerganov and the llama.cpp community made it feasible to 

run billion-parameter language models on devices with as little 

as 4 GB of RAM [7]. A 4-bit quantised 7-billion-parameter 

model requires approximately 4.1 GB of storage and memory, 

fitting comfortably on modern mid-range laptops and even 

many smartphones. 

LLMTerm applies the zero-telemetry principle across every 

system component. Unlike commercial software that routinely 

collects usage analytics, crash reports, and interaction logs, 

LLMTerm transmits nothing to external servers except when 

the user explicitly requests a web search. Conversation history 

and session state are stored as plain JSONL files in a user- 

specified local directory with standard file system permissions. 

File tool operations are bounded by explicitly user-provided 

paths, preventing autonomous directory traversal or credential 

discovery. 

 

D. Code Generation and AI File Operations 

GitHub Copilot, released in 2021 and built on OpenAI 

Codex, demonstrated for the first time at scale that lan- 

guage models trained on large code corpora could generate 

syntactically correct and often semantically appropriate code 

from natural language prompts [8]. GitHub’s controlled user 

study reported that developers completed programming tasks 

approximately 55% faster on average, with the largest gains on 

boilerplate code and standard algorithms. The product quickly 

became the fastest-growing developer tool in GitHub’s history. 

Subsequent systems deepened this capability in different di- 

rections. Amazon CodeWhisperer focused on AWS-idiomatic 

code generation with integrated security scanning. Aider built 

a git-integrated multi-file editing workflow that tracks changes 

across an entire project and commits AI-generated patches 

with appropriate provenance metadata. Cursor embedded a 

GPT-4 backed coding assistant directly into a VS Code 

fork, providing natural language refactoring and codebase- 

level question answering. All of these systems require cloud 

connectivity—either for inference or for model access—and 

are optimised for IDE environments where project context is 

managed automatically. 

None of these tools addresses the combination of con- 

versational assistance, file-level operations, voice interaction, 

and command safety that a developer working in a terminal 

environment needs across a full working day. LLMTerm 

contributes seven file operations implemented entirely in the 

Python standard library without requiring any IDE context, 

version control initialisation, or cloud API access. The iterative 

auto-fix loop for runtime script errors, which requires no 

function-calling API and operates on any instruction-following 

model available through Ollama, is a particularly practical 

contribution for the common scenario of fixing a script that fails 

with a Python exception. 

 

E. Research Gap 

Surveying this landscape reveals a clear and specific gap. No 

published or commercially available system combines all of the 

following in a single deployable unit: local LLM inference 
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with no mandatory cloud component, conversational multi- 

turn interaction, voice input and output with offline fallback, 

file-level AI code operations, a principled command safety 

classification mechanism, persistent multi-session history, and 

support for Android via Termux alongside mainstream Linux. 

Individual capabilities have each been demonstrated in iso- 

lation. The engineering contribution of LLMTerm lies in 

integrating all of them reliably within the constraints of offline, 

standard-library-only Python, without sacrificing usability on 

any of the supported platforms. 

III. SYSTEM ARCHITECTURE AND METHODOLOGY 

A. Core Design Principles 

LLMTerm is built around three non-negotiable architectural 

constraints that shape every design decision in the system. The 

first is zero-dependency core: all functionality on the critical 

interaction path uses only the Python standard library, 

eliminating version conflicts, licence management overhead, 

and the fragile dependency graphs that commonly complicate 

Python application deployment in restricted environments. 

Optional subsystems such as voice recognition are loaded lazily 

only when explicitly enabled by the user, following an extras 

pattern that ensures a user without any voice libraries 

encounters no import errors and no startup delay. The sec- ond 

is offline-first operation: all features except web search 

function fully without network access, and web search is an 

opt-in augmentation rather than a required dependency. The 

third is unconditional human approval for all system- 

modifying actions: no AI-generated shell command is executed 

without an explicit affirmative choice from the user, and this 

gate is enforced architecturally rather than by convention or 

documentation. 

B. High-Level Architecture and Interaction Flow 

Figure 1 shows the complete interaction lifecycle. The user’s 

input, whether typed at the terminal or captured through the 

voice pipeline, enters the REPL dispatcher, which routes it 

either to a registered command handler or to the Ollama client 

for conversational processing. Model responses are streamed 

token by token to the StreamRenderer for display. Any shell 

commands embedded in the model’s response are intercepted 

by the safety classifier, which assigns a risk tier and presents 

the command with a risk-proportionate approval prompt. Only 

after explicit user confirmation does the command reach the 

subprocess execution layer. Session state is persisted to JSONL 

after each exchange, ensuring conversation history survives 

unexpected process termination. 

C. Module Structure 

The application is organised into seven primary mod- 

ules. main.py implements the REPL loop, command dis- patch 

table, output rendering, and streaming token display. 

ollama_client.py handles HTTP communication with the 

Ollama server, context assembly from session history, and 

streaming response consumption. commands.py im- plements 

shell command extraction from model output, the 

three-tier danger classifier, and the user approval workflow. 

file_tools.py provides seven AI-powered file operations with 

language-aware prompt engineering and a shared code- block 

extractor. voice.py implements the speech-to-text and text-to-

speech subsystems with multi-backend priority cascade and 

automatic fallback. sessions.py manages JSONL- backed multi-

session persistence with append-only write se- mantics. 

prompt.py constructs the dynamic system prompt through 

runtime detection of operating system, shell, and package 

manager. 

D. Command Safety Classification Methodology 

The safety classifier is the most security-critical component 

in the system. When the model includes shell instructions in its 

response, the extract_commands() pipeline identifies them 

through fenced code block detection (triple backtick with 

optional bash or sh language tag) and single-backtick inline 

command patterns. Each extracted command string is then 

passed to _cmd_danger(), which evaluates it against a three-

tier classification scheme using a curated regular ex- pression 

corpus. Figure 2 illustrates the classification decision flow. 

The DANGER tier targets irreversible operations: recursive 

deletion (rm -rf), disk formatting (mkfs, fdisk), destruc- tive dd 

writes, privilege escalation that could enable subse- quent 

damage, and credential theft patterns. The CAUTION tier 

covers operations with meaningful side effects: service restarts 

(systemctl), permission changes (chmod, chown), network 

configuration, and package removal. The SAFE tier includes 

read-only and informational commands (ls, cat, echo, grep, ps). 

The conservatism principle means any unrecognised command 

defaults to CAUTION, so the cost of over-classifying is a 

single prompt rather than a missed destructive action. 

E. Voice Interaction Architecture 

The voice subsystem is loaded lazily at runtime only when 

the user activates voice mode, ensuring zero startup cost for 

users who prefer text interaction. When active, the STT path 

tries backends in priority order: Faster Whisper for GPU- 

accelerated or CPU-quantised offline transcription, standard 

Whisper as a fallback, Vosk for a lightweight fully offline 

alternative, and Google STT as a last resort for online envi- 

ronments. Figure 3 shows this cascade alongside the parallel 

TTS selection. 

F. File Operations and the Auto-Fix Loop 

The file tools module provides seven AI-powered opera- 

tions, each using a shared language-aware prompt pattern that 

specifies the target programming language and instructs the 

model to enclose its output in a fenced code block. The 

application extracts results using a deterministic parser, en- 

suring reliable operation across any Ollama-compatible model 

without requiring function-calling or structured output APIs. 

Figure 4 details the /runfile iterative repair loop, the most 
complex of the seven operations. The script is executed 
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Fig. 1. LLMTerm complete interaction flow. All processing occurs on the user’s device. Shell commands from the model always pass through the three-tier 
safety gate before any execution is permitted. 

 

in a subprocess; if it exits with a non-zero status, stderr and the 

traceback are captured and embedded in a repair prompt 

alongside the original file content. The model generates a 

corrected version, the application overwrites the temporary file, 

and the cycle repeats until the script exits cleanly or a 

configurable maximum iteration count is reached. The /diff 

operation enforces non-destructive preview: proposed changes 

are displayed in unified diff format and the user must explicitly 

accept before any content is written to disk, preventing silent 

corruption of source files by model hallucinations. 

G. Session Management Architecture 

Each named session is stored as a newline-delimited JSON 

file in a user-specified local directory. Every record carries 

a role field (user or assistant), a content field, and an ISO 8601 

timestamp. Files are written in append-only mode: an abrupt 

process termination—power loss, signal, crash— cannot 

corrupt existing history because earlier lines are never 

modified. At worst, an incomplete terminal line is discarded 

when the file is next loaded. The session manager sup- 

ports creating named sessions, switching between them mid- 

conversation, listing all sessions, searching history with grep- 

compatible substring output, exporting sessions as formatted 

plain text, and deleting individual sessions without affecting 

others. 

A sliding-window context loader trims the messages array 

sent to Ollama by discarding the oldest entries when the 

total token budget would be exceeded, preserving the most 
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Fig. 2. Three-tier safety classification flow. Commands not matching any 
known-benign pattern default to CAUTION rather than SAFE, ensuring 
conservative risk assessment. 

 

 

recent 200 JSONL records. The context window size is user- 

configurable at 512, 1024, 2048, or 4096 tokens to balance 

response coherence against inference latency for the user’s 

hardware tier. 

IV. IMPLEMENTATION 

A. Core Application Structure 

The implementation spans approximately 2,500 lines of 

Python 3.10- compatible code across seven modules plus 300 

lines of platform-specific installation scripts. Restricting the 

critical path to the standard library eliminates version conflicts, 

licensing overhead, and the fragile dependency resolution that 

commonly causes Python application deployment to fail in 

restricted environments such as corporate workstations with 

locked-down pip configurations or Android devices running 

Termux. 

The REPL loop handles both the structured /command 

vocabulary and free-form conversational input through a single 

prefix-match dispatch table. Inputs not matching any registered 

command handler are forwarded to the Ollama client as 

conversational messages, making the system feel natural for 

users who prefer plain questions to structured syntax. 

B. Ollama Integration and Streaming 

The  Ollama  client  communicates  with  the local 

inference server via its HTTP API at localhost:11434/api/chat.  

Each  request  carries 

Fig. 3. Voice backend cascade. STT (right): offline-first priority order. TTS 
(left): Edge TTS falls back to Kokoro offline. 

 

 

a structured JSON payload containing the assembled 

conversation history, the dynamically generated system 

prompt, and the user-configured context window size. 

Responses are consumed as a streaming HTTP response 

body using Python’s http.client module, which is part of the 

standard library. Each line of the response body is a 

JSON object containing a delta token field, which is written 

directly to stdout without buffering, producing the character-

by-character display that users associate with streaming 

language model interfaces. 

The system prompt is generated at session start by 

prompt.py, which queries /etc/os-release on Linux systems, 
reads the SHELL environment variable, and uses shutil.which 

to detect the installed package manager (pacman, apt, dnf, 

brew). The result is a concise nat- ural language description 
of the user’s environment embed- ded as the system message, 

enabling the model to gen- erate distribution-specific 
commands such as sudo apt install rather than generic package 

manager syntax without the user needing to specify their 

operating system explicitly. 

 

 

C. Context Window Management 

 

Table I summarises the token budget allocation for a typical 

2048-token context window. The sliding-window strategy over 

the last 200 JSONL session entries prevents context overflow 

on long sessions while retaining the most relevant recent 

history. 
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TABLE II 

LLMTERM COMPLETE COMMAND REFERENCE 
 

Command Description 
 

/help Display all available commands 
/voice Toggle voice input and output 

/web <query> Web search with optional AI summary 
/write 
<file> 
/explain 
<file> 
/review 
<file> 

Create file from natural language description 

Describe what a source file does 

Find bugs, security issues, style problems 

/edit <file> Modify file from a natural language instruction 

/diff <file> Preview changes as unified diff before applying 
No, 

retry 
/fixfile 
<file> 
/runfile 
<file> 
/install 
<pkg> 

Repair a file given an error message 

Execute and iteratively fix runtime errors 

Cross-platform AI-assisted package install 

/chat list List all named sessions 
/chat new 
<n> 
/chat switch 
<n> 

Create a new named session 

Switch to a named session 

Fig. 4. /runfile iterative auto-fix loop. The model repairs the script 
repeatedly until it exits cleanly or the iteration limit is reached. 

TABLE I 
CONTEXT WINDOW TOKEN BUDGET ALLOCATION 

 

Component Tokens Notes 

System prompt 200–400 Fixed per session 

Conversation history Variable Last 200 entries 

Current user message 20–500 Query-dependent 

File tool content up to 2048 /explain, /review 

Web search context 300–800 Optional 

 

D. Command Vocabulary Reference 

Table II lists the complete command vocabulary exposed at 

the LLMTerm REPL prompt. 

E. Cross-Platform Installation 

Three installation scripts handle platform-specific differ- 

ences. The Arch Linux script installs Ollama via the offi- 

cial installer, pulls qwen2.5-coder as the default model, creates 

a Python virtual environment, and optionally installs voice 

dependencies from the AUR. The Ubuntu/Debian script uses 

apt for system-level packages and pip inside a virtual 

environment for Python packages. The Termux script han- dles 

Android’s non-standard path structure (/data/data/ 

com.termux/files/usr), the absence of systemd for service 

management, and Termux’s own Python distribution. On all 

platforms, the core application runs immediately after the 

install script completes without any post-installation con- 

figuration step. 

/chat export Export session as plain text 
/clear Clear current conversation history 

/model Switch active Ollama model at runtime 

/ctx Adjust context window size 
 

 

TABLE III 
PERFORMANCE PROFILE ACROSS HARDWARE TIERS 

Metric Mobile Desk. CPU Desk. GPU 

Model used qwen2:0.5b llama3.2 qwen2.5- 
coder 

TTFT (s) 1.8–3.2 0.9–1.6 0.6–0.8 

Throughput 8–12 t/s 16–22 t/s 35–40 t/s 

App RAM <30 MB <30 MB <30 MB 

Model RAM 0.8–1.2 GB 1.4–3.1 GB 3.1–5.2 GB 

Optimal ctx 512–1024 2048 2048–4096 

 

V. RESULTS AND ANALYSIS 

A. Performance Across Hardware Tiers 

Response latency was measured as time to first token (TTFT) 

across three hardware configurations: a mid-range Android 

device with 4 GB RAM running LLMTerm under Ter- mux, a 

16 GB RAM desktop with CPU-only Ollama inference, and a 

16 GB RAM desktop with a GPU using Ollama’s CUDA 

backend. Each was tested with the model recommended for that 

tier over 50 standardised prompts spanning conversational 

queries, code generation requests, and file explanation tasks. 

Table III summarises the results; Figure 5 visualises TTFT 

ranges across tiers.All configurations stay within interactive 

usability thresh- olds. The application layer contributes fewer 

than 5 ms of over- head per interaction cycle, confirming that 

all user-perceptible latency originates from Ollama inference 

rather than Python 
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TABLE V 

FEATURE COMPARISON: LLMTERM VS. EXISTING AI TERMINAL TOOLS 
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Mobile (4GB) Desktop CPU Desktop GPU 

 
Fig. 5.  TTFT ranges across hardware tiers. All values remain within 
interactive usability thresholds. 

TABLE IV 

 

 

 

 

 

 

 

 
Voice 
STT/TTS 

Multi-session 
hist. 

 

 

✓ 

 

 

 

✓ × × × × 

✓ Limited Via git × Limited 

SAFETY CLASSIFIER CONFUSION MATRIX (40-COMMAND VALIDATION AI file tools ✓ Limited ✓ Partial Limited 

SET) 
Pkg. mgr sup- ✓ × × × × 

 

True tier Safe Caution Danger Acc.  
port 
Android / Ter- ✓ Partial × × × 

SAFE (15) 12 3 0 80%  mux     

CAUTION (15) 0 15 0 100%  Open source ✓ ✓* ✓  × Freemium 

DANGER (10) 0 0 10 100%  Fully offline ✓ × Partial × × 

Overall 92.5% 
 

processing. The streaming token delivery architecture provides 

a significant perceived-responsiveness benefit: users see output 

beginning immediately at the first-token boundary rather than 

waiting for a complete response, which makes even the 3.2 s 

mobile maximum feel acceptable in practice. 

B. Safety Classifier Evaluation 

Table IV shows classifier results against a 40-command 

validation set designed to cover the full range of typical 

developer, administrator, and student terminal usage, including 

edge cases such as piped commands, commands whose risk 

is flag-dependent, and commonly confused benign/destructive 

pairs. 

The false-negative rate on DANGER is zero: no destructive 

command was rated lower than DANGER. The three SAFE 

commands misclassified as CAUTION result only in an unnec- 

essary confirmation prompt, not a safety failure. This conser- 

vative bias is deliberate. The asymmetry of consequences— an 

extra prompt versus an irreversible file system change— 

justifies accepting a small false-positive rate to achieve zero 

false negatives at the DANGER tier. 

C. Comparative Feature Analysis 

Table V places LLMTerm against the four most functionally 

adjacent tools available as of 2025. LLMTerm is the only tool 

in this comparison holding a full checkmark in every row. 

ShellGPT is its closest equivalent but transmits all queries 

to external servers and incurs per-token API costs. Aider excels 

at git-integrated multi-file editing but provides no voice, 

command safety, or ad hoc system administration support. 

GitHub Copilot CLI requires a paid subscription and persistent 

*Open source but requires paid OpenAI API. 
TABLE VI 

DEPLOYMENT AND OPERATIONAL COST COMPARISON 
 

Dimension Cloud AI LLMTerm 
 

Software licence Free CLI Free 

Per-query API cost  $0.01–0.06/1K Zero 

Monthly cost (dev)  $13–108 est. Zero 

Per-seat licence Subscription req.   Zero 

Min. hardware Any (cloud-side) 4 GB RAM device 

Network req. Always-on Initial download 

Model updates Auto (provider) ollama pull 
 

 

internet access. Warp AI operates as a complete terminal 

replacement unavailable on Android or headless servers. 

D. Deployment Cost Analysis 

The total software deployment cost of LLMTerm is zero. 

A developer submitting 50–200 queries daily at an average 

of 300 output tokens per response would incur an estimated 

$13–$108/month under typical cloud API pricing. LLMTerm 

eliminates this entirely. For institutional deployments such as a 

computer science department or an engineering team, zero per- 

seat licensing also removes API key management, usage quota 

enforcement, and subscription administration overhead that 

commercial alternatives impose on IT governance processes. 

Table VI compares operational costs across key dimen- 

sions. The minimum viable device for LLMTerm—an Android 

smartphone with 4 GB RAM manufactured from approxi- 

mately 2019 onward—encompasses a broad segment of the 

global installed smartphone base, making the tool reachable in 

markets where dedicated GPU workstations or persistent 

broadband access are economically inaccessible. 
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Feature  

Local 
inference 

× Partial × × 

Zero API cost ✓ × Depends × × 

Safety 
fier 

classi- ✓  × × × × 
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TABLE VII 
ETHICAL RISK ASSESSMENT AND ARCHITECTURAL MITIGATIONS 

 

Risk Mitigation Residual 
 

 

formats. Importantly, models such as Qwen2 and Llama 3.2 

already carry strong multilingual capabilities, making this 

extension achievable without fine-tuning at the model level— 

only application-layer changes are required. 

Autonomous 
execution 

Incorrect com- 
mands 

Mandatory 
approval gate 
Tiered 
classification + 
review 

Mitigated 

Low 

C. Structured Tool-Use and Function Calling 

Current shell command generation relies on the model 

embedding correctly formatted commands in its text response, 

Silent file 
change 

/diff required Mitigated which the application extracts through pattern matching. More 

reliable system administration assistance would be achiev- 

Data 

exfiltration 

Credential ex- 
posure 

Hallucinated 
cmds 

Opaque AI out- 
put 

Local Ollama; no 
telemetry 
User-specified 
paths only 
Danger classifier 
catchall 
Visual AI/system 
separation 

Mitigated 

Low 

Residual 

Low 

able through structured tool-use interfaces, where the model 

requests specific system state information through defined 

JSON schemas rather than attempting to construct raw shell 

commands from memory. As function-calling support matures 

in locally hosted open-weight models served through Ollama, 

this represents the highest value architectural upgrade for 

improving reliability on complex administration tasks. 

D. Interactive Terminal User Interface 

E. Ethical Risk Assessment 

Table VII documents the principal ethical risks and the 

architectural mitigations embedded in LLMTerm’s design. The 

most significant residual risk is model hallucination of 

plausible-looking but incorrect commands that pass the safety 

classifier as CAUTION; the mitigation is that the classifier 

catches destructive patterns while user judgement remains the 

final gate for CAUTION-tier commands. 

VI. FUTURE SCOPE 

A. Retrieval-Augmented Generation for Large Codebases 

The most pressing technical limitation in the current im- 

plementation is the context window ceiling. Practical Ol- lama 

configurations support at most 4096 tokens, yet non- trivial 

source files frequently exceed this limit, rendering 

/explain, /review, and /fixfile infeasible on files beyond a few 

hundred lines. Integrating a lightweight local embedding 

index—FAISS or ChromaDB paired with a com- pact sentence 

embedding model—would resolve this constraint by selecting 

and injecting only the most relevant sections of a large file, 

rather than embedding the entire file content in a single prompt. 

This approach would additionally enable multi- file project 

reasoning, allowing a user to ask architectural questions across 

an entire codebase rather than a single file, bringing 

LLMTerm’s awareness closer to IDE-integrated tools such as 

Aider and Cursor. 

B. Multi-Language and Multi-Locale Support 

The current system is optimised for English interaction. The 

system prompt construction, command extraction regular 

expressions, TTS voice profile selection, and all user-facing 

documentation assume English as the primary language. Ex- 

tending the tool to Hindi, Tamil, Mandarin, and other lan- 

guages would require multilingual prompt templates, locale- 

aware TTS voice selection, and careful validation of code- 

block extraction logic against non-English model response 

Session management in the current implementation is en- 

tirely text-based, requiring users to memorise command syntax 

for switching and searching sessions. An interactive TUI built 

on Textual or prompt toolkit— providing a visual session 

browser, message search interface, and split-pane layout show- 

ing conversation alongside file content simultaneously—would 

substantially improve usability for power users who maintain 

many named sessions across different projects. Early user 

feedback consistently identified session management as the 

most friction- prone aspect of the current interface. 

E. Version Control Integration 

Integrating version control awareness into the com- mand 

vocabulary would extend LLMTerm’s reach into collaborative 

development workflows. Proposed additions include  /gitlog 

for  AI-summarised  commit  history, 

/codereview operating on the output of git diff to provide 
natural language review comments, and /commit for AI-drafted 
commit messages that capture the intent behind 

staged changes. These features would allow LLMTerm to serve 

as a lightweight code review partner without requiring a full 

IDE environment or cloud-connected pair programming 

service. 

F. Model Fine-Tuning for Terminal-Specific Tasks 

General-purpose instruction-following models perform ade- 

quately for most LLMTerm use cases, but they occasionally 

generate shell commands with incorrect flags, wrong package 

names, or distribution-specific assumptions that do not match 

the user’s environment. Fine-tuning a compact model on a 

curated dataset of terminal interaction examples— structured 

as (query, detected environment context, ideal model response) 

triples—could improve command generation accuracy, re- 

sponse conciseness, and safety-awareness without increasing 

model size beyond the thresholds supportable on mobile 

hardware. 
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VII. CONCLUSIONS 

This paper presented LLMTerm, a locally executed AI 

terminal assistant that demonstrates it is possible to deliver 

professional-grade AI assistance at the command line without 

any cloud dependency, paid API subscription, or graphical 

environment. The system integrates conversational AI, voice 

interaction, web search augmentation, seven AI-powered file 

operations, and a principled command safety mechanism 

within a single application implemented entirely in the Python 

standard library, running across hardware from GPU-equipped 

workstations to mid-range Android smartphones through Ter- 

mux. 

The three-tier command safety classifier addresses a security 

gap absent from all comparable tools: no AI-generated shell 

instruction reaches the execution layer without explicit human 

confirmation and a risk-proportionate warning. Across a 40- 

command evaluation set, the classifier achieves zero false neg- 

atives on the DANGER tier and 92.5% overall accuracy, with 

all misclassifications limited to conservative over-caution on 

benign commands. The iterative auto-fix loop in /runfile shows 

that reliable AI-assisted code repair is achievable through 

careful prompt engineering on standard instruction- following 

models, without requiring function-calling APIs, cloud 

connectivity, or project-level initialisation overhead. 

Performance measurements confirm interactive usability 

across all tested hardware tiers. The application layer con- 

tributes fewer than 5 ms of processing overhead per cycle, 

positioning the system to benefit passively as open-weight 

model quality improves and inference hardware costs decline. 

The zero-cost deployment model and Android support extend 

accessibility to users in resource-constrained environments 

where subscription AI tools are economically or practically 

inaccessible. 

The broader contribution of this work is a design pattern for 

locally executed AI developer tools: standard-library- only 

Python for maximum portability, offline-first architec- ture for 

resilience, unconditional human agency over system- 

modifying actions, and clean separation between the applica- 

tion layer and the AI capability layer so that improvements 

from the Ollama ecosystem flow in automatically without 

application changes. As the open-weight model ecosystem 

continues to mature and inference hardware costs decline, 

this architectural approach will become an increasingly viable 

alternative to cloud-routed AI assistance for developers and 

organisations with strong privacy and reliability requirements. 
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