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ABSTRACT

Al-assisted code completion has moved from pattern-
matching snippets to context-aware suggestions
generated by large language models (LLMs) trained
on code and natural language. Modern integrated
development environments (IDEs) embed these
assistants as always-on pair programmers that
promise productivity gains, fewer defects, and faster
onboarding. Yet teams often struggle to compare tools
rigorously across languages, tasks, and governance
constraints. This paper presents a structured,
simulation-backed comparative study of four
representative approaches to completion inside
contemporary IDEs: (i) a baseline syntactic engine
(traditional Intellisense-style), (ii) a local LLM
assistant (runs on developer hardware), (iii) a hybrid
LLM assistant (cloud model with on-device/context
filters and policy checks), and (iv) a cloud LLM
assistant (fully managed, strongest model capacity).
‘We frame the evaluation around research questions on
productivity, quality, and risk, define standardized
metrics (task success, keystroke savings, time-to-
completion, post-run error rate, security-smell rate,

and perceived usability), and report results from a

controlled simulation fed by empirical distributions
observed in typical enterprise tasks (CRUD services,

data wrangling, tests, and refactoring micro-tasks).
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Fig. 1 Al-Assisted Code Completion,Source([1])
Descriptive statistics, bootstrap confidence intervals,
and one-way ANOVA indicate that LLM-based
assistants substantially reduce time-to-completion and
increase keystroke savings versus the syntactic
baseline. Cloud and hybrid assistants show the largest
productivity deltas, while the hybrid approach
exhibits the lowest simulated security-smell rate.
Local LLMs deliver meaningful gains with improved
data-control properties but trail on long-range
reasoning and multi-file edits. We discuss implications
for tool selection, integration patterns (prompt
templates, test-first workflows, and guardrails), and
limits (hallucinations, style drift, and privacy). The

study closes with actionable guidance for teams to
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align assistant choice with repository scale,
compliance posture, and developer ergonomics.
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Al code completion, IDEs, large language models,
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INTRODUCTION

Code completion has long been a staple of developer
tooling. Early engines relied on token prefix matching,
symbol tables, and abstract syntax tree (AST) analysis to
suggest identifiers and boilerplate. While these features
decrease keystrokes, they rarely understand intent across
files, tests, or specification prose in issue trackers. LLM-
based assistants change that premise: they attend to
natural-language comments, surrounding code, and even
project-level context to generate multi-line or multi-
function suggestions, tests, and refactorings.
Organizations contemplating adoption face three
tensions. First, productivity vs. control: the strongest
models are often hosted in the cloud, but many teams need
local processing to comply with data residency and IP
policies. Second, quality vs. predictability: LLMs can
draft sizeable scaffolds, yet their confidence calibration
and error modes differ from traditional tools. Third, team
ergonomics: code style, review burden, and onboarding
dynamics shift when an assistant proposes entire blocks

rather than single tokens.
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Fig.2 Al-Assisted Code Completion in Modern
IDEs,Source([2])
This study offers a clear comparison across representative
assistant archetypes integrated into modern IDEs. We ask:

How much do they help? Where do they fail? What

governance and workflow patterns matter most? We
purposefully avoid vendor branding and instead evaluate
categories to keep the results generalizable.
LITERATURE REVIEW

Three strands of prior work inform the study design.

(a) Language-model-driven code  generation.
Transformer-based models pretrained on code corpora
(and often aligned with human feedback) can learn
idioms, APIs, and test patterns. Fine-tuning on domain-
specific repositories further improves adherence to house
style and architectural constraints. However, performance
varies by language, API maturity, and context length.
Long-range coherence and tool-use (e.g., invoking linters
or tests) remain active research areas.

(b) Human-in-the-loop programming. Empirical
studies and developer diaries suggest that acceptance rate,
edit distance, and interruption cost mediate the perceived
utility of assistants. Developers prefer smaller, “obvious”
suggestions in rapid sequences for established code and
larger, exploratory drafts for greenfield spikes. Clear
affordances to preview, partially accept, and annotate
suggestions improve trust.

(c) Risk and governance. Concerns include leakage of
proprietary snippets to training pipelines, insecure
defaults (e.g., permissive CORS, weak crypto), and
license provenance of generated code. Hybrid controls—
policy prompts, blocklists, secret-detectors, and post-
generation static analysis—are proposed mitigation
patterns. Metrics capturing security-smell rate and post-
run error rate help quantify residual risk.

Across these threads, comparisons often lack consistent
tasks, common metrics, or attention to compliance
posture. Our study addresses those gaps with a simulation
backed by realistic distributions and standardized

measurces.

METHODOLOGY

3.1 Research Questions
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e RQ1 (Productivity): To what extent do Al
assistants reduce time-to-completion and
keystrokes versus a syntactic baseline?

e RQ2 (Quality): How do assistants affect post-
run error rate and task success within a fixed
time budget?

e RQ3 (Risk): Do assistants differ in their
tendency to introduce security smells?

e RQ4 (Usability): How do developers perceive
usefulness and cognitive load across assistants?

3.2 Assistant Archetypes

e Baseline Syntactic Engine: Conventional IDE
completion using symbol tables, AST, and doc-
hinting; single-line suggestions.

e Local LLM Assistant: Small/medium model
(e.g., 3-7B parameters) quantized, running on
developer hardware; privacy-preserving but
context-length constrained.

e Hybrid LLM Assistant: Cloud-hosted model
augmented with local pre-/post-filters: PIl/secret
scrubbing before send, policy prompts, and post-
generation static/dynamic checks.

e Cloud LLM Assistant: Fully managed, high-
capacity model with the longest context window
and strongest multi-file reasoning; enterprise
telemetry and usage controls assumed.

3.3 Tasks and Languages

We construct a balanced suite of 120 tasks across three
languages (Python, Java, JavaScript/TypeScript),
covering:

1. CRUD REST endpoints with validation.

2. Data wrangling and joins.

3. Algorithmic warmups (e.g., top-K, graph
traversal).

4. Test writing (unit and property-based).

5. Refactoring  (extract  method, remove
duplication, rename).

Each task includes a gold acceptance test and a
time budget (45 minutes for multi-file tasks, 20

minutes for micro-tasks).

3.4 Metrics

e Task Success Rate (%): Fraction of tasks
passing all acceptance tests within the time
budget.

o Keystroke Savings (%):
1-keystrokes with assistantkeystrokes baselinel
-\frac {\text{keystrokes with
assistant} } {\text{keystrokes baseline}} % 100.

o Time-to-Completion (minutes): Wall-clock
from task start to all tests passing.

e Post-Run Error Rate (%):
Lint/compile/runtime errors after acceptance
(e.g., flaky tests, type issues).

e  Security-Smell Rate (per 1k LOC): Findings
from static analyzers (e.g., hardcoded secrets,
weak crypto defaults).

o Developer Satisfaction (1-5 Likert): Post-task
rating capturing usefulness and friction.

3.5 Procedure

We simulate developer-assistant interactions by sampling
from empirically reasonable distributions: suggestion
length, acceptance probability, edit distance, and
interruption costs. A Markov chain approximates the
developer’s flow state (focused, browsing, fixing), and
Monte Carlo runs (n=1,000 per tool) generate metric
distributions per task. For usability, we model satisfaction
as a function of acceptance rate, undo frequency, and
number of context resets.

3.6 Statistical Plan

For each metric we report mean + SD across tasks. We
compute 95% bootstrap confidence intervals and perform
one-way ANOVA across the four tools. Where
significant, we run Tukey HSD for pairwise differences.
We report effect sizes (m?) and discuss practical
significance. All results should be interpreted as
simulation-based estimates, not measurements of
specific commercial tools.

3.7 Threats to Validity
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e Construct validity: Simulations approximate,
but cannot fully capture, human creativity or
debugging strategies.

e Internal validity: Parameterization (e.g.,
acceptance probabilities) influences outcomes;
sensitivity analysis mitigates but does not
remove bias.

e External validity: Results generalize to typical
enterprise CRUD and test-driven tasks; highly
specialized domains (embedded, GPU kernels)
may differ.

STATISTICAL ANALYSIS
The table below summarizes aggregated outcomes from

the simulation across 120 tasks.

Metric Baselin | Local | Hybrid | Cloud
e LLM LLM LLM
Syntact | Assista | Assista | Assista
ic nt nt nt
Task 68.5+ 79.8+ | 864+ | 88.7+
Success 9.2 8.1 7.4 6.9
Rate (%)
Keystrok | 124+ 287+ 365+ 413 £
e Savings 4.1 6.3 7.8 8.6
(%)
Time-to- | 312+ | 246+ | 21.1+ 194 +
Completi 8.9 7.2 6.5 6.1
on (min)
Post-Run 8.7+ 7.1+ 54+ 59+
Error 3.1 2.8 23 2.5
Rate (%)
Security- 1.9+ 23+ 1.2+ 1.6+
Smell 0.7 0.9 0.5 0.6
Rate (per
1k LOC)
Develope 3.1+ 3.8+ 42+ 4.4+
r 0.6 0.7 0.6 0.5
Satisfacti
on (1-5)

Analysis: One-way ANOVA indicates significant

differences across tools for all metrics (p < 0.001). Effect

sizes are large for keystroke savings and time-to-

completion (n? > 0.30), moderate for success rate and

satisfaction (n? = 0.15-0.25), and small-to-moderate for
error and security-smell rates (n?> = 0.08-0.14). Tukey

HSD shows that each LLM-based assistant significantly

outperforms the baseline on productivity metrics; the

cloud and hybrid assistants outperform the local assistant
on success rate and keystroke savings, while the hybrid
assistant outperforms cloud on security-smell rate.

SIMULATION RESEARCH

5.1 Interaction Model

We model the assistant as generating suggestions with a

length distribution L (median 23 tokens for baseline, 85

for LLMs) and a context-fit score C derived from lexical

overlap with the local window, file path hints, and test

names. The developer’s acceptance probability PaP a

follows a logistic function:

Pa=c(a0+al1C+a2len(suggestion)+a3undo cost)P a =

\sigma(\alpha 0 + \alpha 1 C + \alpha 2

\text {len(suggestion)} + \alpha 3 \text{undo cost})

Undo cost is higher for longer suggestions and when tests

are failing. Partial acceptance (e.g., accepting a function

signature then editing the body) reduces -effective
keystrokes but increases edit distance.

5.2 Task Families
e  Greenfield micro-services: Scaffolding
controllers, serializers, and validators. LLMs
excel by recalling idioms and boilerplate;
hybrid/cloud have superior cross-file coherence.

e Data wrangling: Transformations and joins
over CSV/JSON/ORM layers. Assistants with
better retrieval of library-specific idioms
(pandas, LINQ, Sequelize) show higher
acceptance.

e Algorithmic warmups: Assistants propose
canonical implementations; local LLMs perform
solidly, but occasional off-by-one errors inflate
post-run error rates.

e Test generation/refactoring: Hybrid/cloud

assistants leverage test names and fixtures to
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propose property-based tests and refactorings;
hybrid’s policy checks reduce insecure patterns
(e.g., disabled TLS checks).

5.3 Guardrails and Policies

The hybrid assistant applies:

e Pre-send filters: Secret/PIl scrubbing to
minimize sensitive tokens in prompts.

e Prompt policies: Templates that bias toward
safe defaults (prepared statements, constant-time
comparisons for crypto).

e Post-gen checks: Static analyzers and secret-
detectors; failing suggestions are down-ranked
or suppressed.
This pipeline reduces the security-smell rate
without a large productivity penalty.

5.4 Sensitivity Analyses

We vary context window (4k—200k tokens), acceptance
conservatism, and test flakiness. Longer context windows
disproportionately ~ benefit multi-file refactorings.
Conservative acceptance reduces error rates but also
keystroke savings. Test flakiness penalizes all tools,
narrowing performance gaps; however, hybrid/cloud
retain an advantage by drafting additional tests.
RESULTS

6.1 Productivity Outcomes

Compared to the baseline syntactic engine, the cloud
LLM assistant reduces simulated time-to-completion by
~38% (31.2 — 19.4 minutes) and increases keystroke
savings by ~29 percentage points (12.4% — 41.3%). The
hybrid assistant is close behind on speed and keystroke
metrics, reflecting high-capacity inference tempered by
guardrails. The local assistant offers meaningful gains
(24.6 minutes; 28.7% savings) despite smaller models and
shorter context, suggesting an attractive middle path for
privacy-constrained teams.

6.2 Quality Outcomes

All LLM-based assistants improve task success rates,
with cloud slightly ahead (88.7%) and hybrid close
(86.4%). Post-run error rates drop most under hybrid

(5.4%), plausibly because post-generation checks down-

rank brittle or speculative suggestions. Local LLMs
remain above hybrid/cloud on errors, consistent with
shorter suggestions and occasional gaps in long-range
reasoning.

6.3 Risk Outcomes

Security-smell rates decrease below the baseline for
hybrid and cloud assistants; hybrid performs best (1.2 per
1k LOC) due to policy prompts and static checks. Local
LLMs show a mild increase vs. baseline (2.3 vs. 1.9),
typically from convenience shortcuts (hardcoded tokens,
permissive CORS) that slip through without cloud-side
guardrails.

6.4 Usability and Flow

Developers report higher satisfaction with cloud (4.4/5)
and hybrid (4.2/5) assistants. Two patterns emerge:

1. Flow preservation: Non-intrusive, inline
suggestions with low latency (<200 ms) and easy
partial acceptance maintain rhythm.

2. Explainable suggestions: Tooltips that
reference docs/tests and provide “why this
suggestion?” improve trust and acceptance.

6.5 Cross-Language Notes

e Python: Strongest relative gains; idioms and
readable scaffolds are easily adapted.

e Java: Larger payoffs in boilerplate reduction;
hybrid’s policy prompts especially helpful for
security configurations.

e TypeScript: Improvements in type-safe
refactors; long context windows help propagate
type changes across modules.

DISCUSSION
7.1 Choosing an Assistant

e Strict data control, air-gapped repos: Favor
local LLM; complement with on-prem static
analysis and style transfer via fine-tuning or
adapters.

e Enterprise governance with cloud allowance:
Hybrid strikes the best balance—near-cloud
productivity with lower simulated security-smell

rates and clearer auditability.
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e Max performance for complex repos: Cloud
assistants deliver top productivity, especially for
multi-file reasoning, but require strong policy
and telemetry controls.

7.2 Integration Patterns That Matter

e Prompt templates: Prepend repository
conventions (logging, error handling) and policy
reminders to reduce style drift.

e  Test-first loops: Run tests after each major
acceptance to catch silent regressions; assistants
can draft failing tests first.

e Small, composable acceptances: Prefer short,
iterative acceptances for mature code; larger
blocks for scaffolding.

e  Guardrails: Secrets  scanners, license
classifiers, and policy prompts reduce risky
patterns without large productivity hits.

7.3 Failure Modes and Mitigations

e Confident hallucinations: Encourage “explain
this suggestion” and provide quick doc links.

o Style inconsistency: Auto-apply
formatters/linters and train small adapters on
house style.

o Context overflow: Use retrieval (file-aware
indexing) to feed only relevant slices; pin critical
files in the prompt.

CONCLUSION

This comparative, simulation-backed study indicates that
Al-assisted code completion in modern IDEs can
materially improve developer productivity and perceived
usability while also reducing some classes of defects.
Relative to a syntactic baseline, LLM-based assistants
shorten simulated time-to-completion by roughly one-
third and boost keystroke savings by 20-30 percentage
points. Among LLM approaches, cloud assistants deliver
the strongest productivity, hybrid assistants offer a
compelling balance with the lowest security-smell rate,
and local assistants provide respectable gains for teams

with strict data-control requirements.

Critically, outcomes depend on workflow design: prompt
policies, test-first loops, partial acceptances, and
integrated guardrails amplify benefits and dampen risks.
The results herein are simulation-based and should be
complemented by in-situ pilots on representative
repositories, with telemetry capturing acceptance, edit
distance, and post-merge defects.

Future work should evaluate multi-agent collaboration
(assistant + test generator + refactoring bot), longitudinal
learning from team feedback, and richer safety signals
(license provenance and vulnerability patterns). For
practitioners making near-term choices: (1) map your
compliance posture to assistant archetype, (2) invest in
prompt policies and guardrails, and (3) measure
acceptance, time, and defect metrics during a time-boxed
pilot. Done well, Al-assisted completion becomes not just
faster typing but a repeatable, auditable path to higher-
quality code.
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