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Abstract
The integration of Large Language Model (LLM)-
based code assistants into IDEs has boosted devel-
oper productivity, but cloud-based solutions pose
severe privacy risks for enterprises handling pro-
prietary code. Existing on-premise alternatives
lack semantic code retrieval, multi-GPU optimiza-
tion, and rigorous productivity validation. We
present an enterprise-oriented, customizable IDE
plugin that uses internally hosted LLMs, combin-
ing client-side tiered retrieval (Personal CodeRAG
with SiamBERT/CodeSage) and vLLM-optimized
inference on dedicated hardware. No code leaves
the organization. Our benchmark of four inference
frameworks shows vLLM and LMDeploy achieve
≈20 ms time-to-first-token on LLaMA-3-8B, suit-
able for real-time interaction. In a three-month
study with 100 developers, the plugin reduced
mean cycle time by 15.4%, with perceived pro-
ductivity gains of 50-70% for tasks like code ex-
planation and unit test generation. This work pro-
vides the first systematic evaluation of on-premise
LLM-assisted coding that quantifies both objective
and subjective productivity impacts.

1 Introduction
Large Language Models (LLMs) have revolutionized code
generation, with cloud-based assistants like GitHub Copi-
lot cutting repetitive coding time by up to 55% [Ziegler et
al., 2022]. Yet for enterprises handling sensitive intellec-
tual property: financial algorithms, medical device software,
or proprietary trading systems, these productivity gains are
largely inaccessible. The reason is not technical capability
but data privacy: every code snippet sent to a third-party API
creates exposure risks, from unauthorized model training to
GDPR violations [Pearce et al., 2025].

On-premise alternatives do exist: Ollama, LocalAI, and
other local LLM wrappers, but they are not enterprise-grade.
They lack semantic code retrieval tailored to local reposito-
ries, offer no optimization for multi-GPU inference, and pro-
vide no systematic evaluation of developer productivity. Or-

ganizations thus face a false choice: adopt privacy-violating
cloud tools or accept sluggish, unvalidated local solutions.

We resolve this false choice with a customizable, on-
premise IDE plugin that combines privacy guarantees
with enterprise performance. Our solution introduces
a tiered CodeRAG pipeline: SiamBERT [Peña et al.,
2022] for resource-constrained developer workstations and
CodeSage [Zhang et al., 2024] for high-memory environ-
ments (>16 GB RAM). All indexing and embedding remain
client-side-no code ever leaves the organization. Generation
is offloaded to a dedicated on-premise NVIDIA A100 server
running vLLM, which delivers sub-100ms time-to-first-token
while supporting GGUF-quantized models [Yadav and Chin-
tala, 2025] for storage efficiency.

Despite these advances, three open questions remain: (1)
Can on-premise LLM inference achieve latency comparable
to cloud-based solutions? (2) Does retrieval-augmented gen-
eration improve code completion accuracy without exposing
proprietary code? (3) How do subjective developer percep-
tions of productivity align with objective metrics such as
cycle time reduction? This paper answers these questions
through systematic benchmarking of inference frameworks
and a three-month developer study. This paper makes two
contributions:

• An on-premise IDE plugin architecture with client-side
tiered RAG and vLLM-optimized inference, ensuring
privacy without sacrificing responsiveness.

• A systematic benchmark of four inference frameworks
(vLLM, TensorRT, LMDeply, TGI) measuring TTFT,
inter-token latency, and throughput on a single A100
GPU.

2 Related Work
Research on AI-powered coding assistants has expanded
rapidly in recent years, with commercial tools such as
GitHub Copilot, Tabnine, and Codeium demonstrating
substantial gains in developer productivity and satisfac-
tion [Kalliamvakou, 2022]. Controlled experiments report
faster task completion and reduced cognitive load, with one
large-scale study showing up to a 55% reduction in program-
ming task time [Ziegler et al., 2022; Peng et al., 2023].
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However, nearly all commercial solutions operate as cloud-
based services, requiring code snippets to be sent to third-
party servers. This creates data exposure risks that are unac-
ceptable for enterprises handling sensitive intellectual prop-
erty [Pearce et al., 2025]. Existing on-premise alternatives
such as Ollama and LocalAI lack semantic code retrieval,
multi-GPU optimization, and systematic productivity evalu-
ation gaps this paper addresses.

A parallel work stream investigates Retrieval-Augmented
Generation (RAG), in which LLMs are grounded on project-
specific artifacts such as code repositories, documentation,
and tickets [Aushev et al., 2025]. These systems com-
monly employ dense vector indexes (e.g., FAISS) and task-
specific encoders to retrieve relevant code or documenta-
tion snippets as context for generation [Johnson et al., 2021;
Nikolaev et al., 2025]. Prior studies have explored code
search, code summarization, and bug-fixing pipelines that
rely on semantic retrieval over large mono- or polyglot reposi-
tories [Microsoft, 2024]. Our Personal CodeRAG component
builds on these ideas but emphasizes fully local operation on
the developer’s workstation, combining a fine-tuned BERT
model for code semantics [Peña et al., 2022] with compact
GGUF-based LLMs, and separating local retrieval from on-
premise or cloud-hosted generation to maintain strong pri-
vacy guarantees.

3 AI-Powered Code Assistant Design
We propose a design for the integration of LLM capabilities
within Integrated Development Environments (IDE), using
the C4 model as a guiding framework. The design addresses
key concerns related to data privacy [Jeong, 2023; Karakurt
and Akbulut, 2026], system modularity, and context-aware
code generation [Feng et al., 2023].1

3.1 C4: Context Level
The Context level provides a high-level overview of interac-
tions between users, software systems, and external elements,
clarifying system workflows and data exchanges [Richards
and Ford, 2019]. The primary actors identified include: (1)
System Users: developers and administrators interacting di-
rectly with the plugin; (2) Software Systems: the core AI-
powered code assistant plugin; and (3) External Software
Systems: supplementary third-party services supporting the
core functionalities, such as an email server that provides
OTP user authentication and various monitoring tools, which
are not detailed in this work.

3.2 C4: Container Level
The Container level details essential system components
(containers), their roles, and interdependencies. It comprises:
(1) User interface containers: Single-page applications for
the admin interface and chat interactions, along with separate
IDE plugins specifically developed for JetBrains and VSCode
environments; (2) Service containers: These include an ad-
min service, AI-tool back-end service, message broker, LLM-
based suggestion and chat services, as well as a centralized
database facilitating logging and traceability.

1https://vasilkrikunov14.github.io/C4 llm plugin/

4 Personal CodeRAG
Personal CodeRAG implements a tiered architecture that
strictly separates local data management from high-
performance inference. To ensure an tight privacy bound-
ary, all indexing and embedding operations are performed
exclusively on the client-side. The system utilizes a dual-
model embedding strategy: SiamBERT [Peña et al., 2022]
serves as a lightweight default for standard workstations,
while CodeSage [Zhang et al., 2024] is deployed on ma-
chines with more than 16 GB RAM to provide superior se-
mantic grounding. The retrieval pipeline employs a sliding
window chunking strategy (512 tokens) and a local FAISS
vector index, allowing for sub-millisecond context retrieval
without external data exposure. While retrieval remains local,
the computationally intensive generation task is offloaded to
a dedicated on-premise NVIDIA A100 80GB RAM server.
By utilizing the vLLM inference backend, the system main-
tains the developer’s “flow state”. This configuration elim-
inates the risks associated with third-party cloud providers
while providing appropriate code generation quality.

5 LLM Component Implementation
Efficient chatbot systems require careful selection of suitable
LLMs and inference frameworks, considering factors such as
model architecture, scalability, quantization support, compat-
ibility with GGUF models, and real-time response capabili-
ties [Vaswani et al., 2017; Sawarkar et al., 2024].

We analyze several inference frameworks: vLLM, Ten-
sorRT (trt), LMDeploy, and Text Generation Inference (TGI)
using three models: LLaMA-3-8B, LLaMA-3-70B, and
Mistral-8x7B. Evaluation focused on four critical cri-
teria [Joshi et al., 2024]: (i) Concurrency and scalability;
(ii) Quantization support; (iii) GGUF model support; (iv)
Streaming and real-time inference.

Performance was evaluated using three metrics (Table 1):
throughput (tokens per second, Tput), time to first token
(TTFT, milliseconds) and inference token latency (ITL, mil-
liseconds). Throughput (Tput) was consistent across frame-
works, with LLaMA-3-8B and Mistral-8x7B achiev-
ing around 1,200 tokens/s, and LLaMA-3-70B around 600
tokens/s, indicating minimal dependency on the inference
framework under standard conditions [Dettmers et al., 2023].
Time to first token (TTFT) showed significant variance:
vLLM and LMDeploy consistently delivered faster TTFT
(approximately 20 ms for LLaMA-3-8B), outperforming
TensorRT (50 ms) and TGI (100 ms), highlighting their suit-
ability for real-time scenarios (Table 2).

Model Users lmDeploy MLC-LLM TGI TRT-LLM vLLM

Llama-3-8B
10 30 28 92 70 40
50 52 25 300 90 30
100 170 300 550 1000 70

Llama-3-70B
10 180 400 480 70 40
50 350 480 2950 490 510
100 450 6800 6300 6500 750

Table 2: Average Time To First Token (TTFT) in milliseconds under
different user loads. Lower values are better.
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Model Metric vLLM TRT lmDeploy TGI

Llama-3-8B
Throughput ↑ 1250 1320 1260 1240
TTFT ↓ 20 50 22 110
ITL ↓ 17 14 13 18

Llama-3-70B
Throughput ↑ 720 680 750 745
TTFT ↓ 70 130 65 460
ITL ↓ 43 35 35 45

Mistral-8x7B
Throughput ↑ 820 930 790 810
TTFT ↓ 100 100 1450 480
ITL ↓ 39 35 60 39

Table 1: Performance benchmark comparison. Green indicates bet-
ter performance within a row. Throughput is maximized, while
TTFT and ITL are minimized.

6 AI-Tool Usage
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Figure 1: Productivity gains across AI-assisted coding scenarios:
percentage improvements by task.

To quantify the impact of the proposed solution, we con-
ducted a comprehensive study involving 100 Java and Python
developers over a period of three months. To ensure method-
ological rigor and mitigate the bias inherent in self-reported
data, we employed a hybrid evaluation framework combin-
ing qualitative surveys with quantitative Jira software analyt-
ics.This hybrid methodology follows principles of adaptive
evaluation, where task-specific characteristics inform the as-
sessment strategy [Marina et al., 2025].

We utilized the Jira to extract “Mean Cycle Time” (MCT) –
defined as the duration from the “In Progress” status to “Re-

solved” – for over 2500 individual tasks. Tasks were auto-
matically categorized using Jira labels and issue types. We
compared the MCT of these categories against a baseline es-
tablished during the three months prior to the plugin’s deploy-
ment, filtering for tasks of similar complexity (Story Points).
The AI assistant’s ability to perform effectively across diverse
coding tasks without per-task fine-tuning is conceptually sim-
ilar to cross-lingual transfer [Konovalov et al., 2020].

The results, illustrated in Figure 1, reveal that while devel-
opers perceived a 50-70% improvement in high-toil activities
like Code Explanation and Unit Test Generation, the ob-
jective Jira data showed a more measured 15.4% reduction in
overall cycle time. This conservative aggregate accounts for
non-coding overhead (meetings, code reviews).

Code Sketching/Boilerplating was the most frequently
used (56 cases), delivering a 50% productivity increase for
tasks like scaffolding and project setup. Code Explanation
followed with 66 cases, yielding around 60% productivity im-
provement in understanding unfamiliar or legacy code. Code
Documenting (63 cases) and Random Data Generation (66
cases) also showed strong results, each achieving roughly
70% productivity gains. Regexp Generation (39 cases)
and Bash Generation (26 cases) provided moderate benefits,
with productivity improvements of 40% and 20%, respec-
tively. Less frequently used scenarios like Code Translation
(16 cases) and Text2SQL (29 cases) offered significant pro-
ductivity improvements of approximately 70% and 50% re-
spectively, valuable for multilingual code-bases and database
queries. CSS from comments (20 cases) resulted in a 30%
gain, useful for rapid prototyping.

Considering that developers also spend significant time on
design, requirement analysis, collaboration, and debugging,
the overall productivity increase attributed to AI-assistant us-
age was conservatively estimated at 15%. AI-assistant pro-
vides the strongest productivity boosts for rapid prototyping
or repetitive tasks. Tasks involving code explanation and doc-
umentation significantly benefit from generative AI, facilitat-
ing faster onboarding and knowledge transfer.

7 Conclusion
This paper demonstrates that enterprise-grade, privacy-
preserving AI code assistance is not only feasible but also
practical. We introduced an on-premise IDE plugin archi-
tecture that combines client-side tiered retrieval (Personal
CodeRAG) with vLLM-optimized inference on dedicated
hardware, ensuring that no proprietary code leaves the or-
ganization. Our benchmark of four inference frameworks
showed that vLLM and LMDeploy achieve the lowest time-
to-first-token (≈20 ms for LLaMA-8B), making them suit-
able for real-time developer interactions. In a three-month
study with 100 developers, the plugin reduced mean cycle
time by 15.4%, with particularly strong perceived productiv-
ity gains (50–70%) in tasks such as code explanation, docu-
mentation, and unit test generation.
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