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Abstract The rapid emergence of large language models 
(LLMs) has ushered in a new era of generative artificial 
intelligence (AI), promising transformative applications 
across customer service, content generation, research 
automation, and beyond. With increased adoption, 
organizations face significant challenges in establishing 
operational capabilities to deploy, maintain, and scale 
LLM-driven services effectively. This paper synthesizes 
the extant literature on LLM Operations (LLMOps), 
integrating recent frameworks, maturity models, 
practices, and empirical analyses to propose a cohesive, 
theoretically grounded, and practically actionable 
operational framework. In particular, we examine 
definitions and boundaries of LLMOps vis-à-vis MLOps 
and FMOps, analyze maturity models for generative AI 
operations, discuss deployment strategies in cloud-
based and distributed environments, and explore the 
organizational and economic implications of large-scale 
LLM adoption. Employing a rigorous literature review 
and conceptual synthesis methodology, we identify 
recurring themes, operational challenges, best 
practices, and gaps. Our findings reveal that successful 
LLMOps requires multi-dimensional readiness — 
encompassing infrastructure, continuous integration/ 
continuous deployment (CI/CD) pipelines, governance, 
cost optimization, prompt engineering, and human–AI 
collaboration. We articulate a multi-layered maturity 
framework — from ad hoc experimentation to 
enterprise-grade LLM ecosystem — and offer strategic 
recommendations for enterprises transitioning from 
proof-of-concept to production-grade LLM services. 
Limitations include scarcity of robust empirical 
performance data, evolving industry practices, and 
reliance on grey literature. We conclude by outlining 
future research directions to validate the framework 
with empirical studies, evaluate total cost of ownership 
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in long-term deployments, and investigate ethical, 
governance, and human–centered aspects of LLMOps. 

 

Keywords: LLMOps, generative AI, maturity model, 
CI/CD pipelines, large language models, enterprise 
deployment, prompt engineering 

INTRODUCTION 

The The advent of generative AI — driven primarily by 

large language models (LLMs) — has catalyzed a 

paradigm shift in how organizations anticipate 

automating tasks previously considered the domain of 

human intelligence. The proliferation of models 

capable of text generation, summarization, reasoning, 

and even code output has generated a surge in demand 

across industries, from customer support automation 

to content creation and research assistance (Grand 

View Research, 2025). According to a 2023 industry 

survey by McKinsey, 2023 was widely regarded as the 

“breakout year” for generative AI, marking a spike in 

enterprise experimentation and early-stage 

deployments (Chui, 2023). As organizations rapidly 

adopt LLM-based solutions, the imperative for robust 

operational frameworks becomes acute — traditional 

machine learning operational paradigms (MLOps) 

insufficiently cover the unique demands of LLM 

development, deployment, and maintenance. 

While MLOps has matured over the past decade to 

provide best practices for continuous model training, 

deployment, versioning, monitoring, and 

reproducibility, LLMs introduce novel challenges: vastly 

larger model sizes, inference cost and latency, dynamic 

prompt usage, prompt‑engineering as an emergent 

skill, real-time user interactions, and 

ethical/governance considerations. Practitioners and 

scholars have begun to propose specialized 

frameworks and definitions under the umbrella of 

“LLMOps” to address these challenges (Sinha, Menon 

& Sagar, 2024; Tantithamthavorn et al., 2024; Pahune 

& Akhtar, 2025). 

However, despite these emerging efforts, the literature 

remains fragmented: some works focus narrowly on 

infrastructure and CI/CD deployment (Chandra, 2025), 

others on organizational maturity and governance 

(Seda, 2024; Shan & Shan, 2024), while still others 

highlight cost constraints, scaling challenges, and 

distributed computing strategies (Bald, 2024; Ambilio, 

2025). There is a clear need for a unifying, 

comprehensive framework that reconciles these 

dimensions into a coherent, enterprise‑ready approach. 

This paper aims to fill that gap by conducting a 

systematic conceptual synthesis of existing literature 

— academic and industry reports alike — to derive a 

consolidated operational framework for LLMOps. Our 

research seeks to answer the following central 

questions: What are the essential dimensions of 

LLMOps for effective enterprise adoption? How can 

organizations assess their readiness for LLMOps? What 

are the best practices and pitfalls at each stage of 

operational maturity? 

In doing so, we aim not only to contribute theoretically 

to the nascent field of LLMOps, but also to provide 

practical guidance to enterprises seeking to transition 

from pilot experiments to sustainable, scaled 

generative‑AI services. 

METHODOLOGY 

This work is grounded in a qualitative, theory-building 

approach through comprehensive literature review 

and conceptual synthesis. Given the emergent nature 

of LLMOps — with much of the discourse residing in 

preliminary academic publications, conference papers, 

whitepapers, corporate blogs, and analyst reports — 

our methodology relies on carefully curated sources 

that discuss LLMOps, generative AI deployment, 

infrastructure challenges, and related best practices. 

We began by compiling a reference set consisting of 

peer-reviewed conference and journal articles, as well 

as industry and corporate whitepapers and blog posts, 

published between 2023 and 2025. Key inclusion 

criteria were: (1) explicit focus on operational aspects 

of LLM deployment (LLMOps), (2) discussion of 

infrastructure, governance, CI/CD, deployment 

strategy, cost optimization, or organizational maturity, 

and (3) accessibility in the public domain. Sources that 

discussed general AI adoption without operational 

depth were excluded. From this pool, we extracted 

recurrent themes, operational dimensions, proposed 

frameworks (e.g., “maturity models”), challenges, and 

recommended practices. 



European International Journal of Multidisciplinary Research 
and Management Studies 

84 https://eipublication.com/index.php/eijmrms 

European International Journal of Multidisciplinary Research and Management Studies 
 

 

Next, we conducted thematic coding: each source was 

reviewed in full and key sentences or paragraphs 

annotated under emergent codes such as 

“infrastructure constraints,” “CI/CD pipeline,” 

“prompt engineering,” “cost management,” 

“governance,” and “organizational readiness.” 

Through iterative consolidation, we distilled these 

codes into higher‑order dimensions. We then 

proposed a composite maturity‑model schema, 

aligning dimensions into layers of maturity — from ad 

hoc experimentation to enterprise‑grade operations. 

Our analysis deliberately avoids quantitative meta-

analysis or statistical aggregation, acknowledging the 

lack of homogeneous empirical data across sources. 

Instead, we pursue an interpretive, normative 

synthesis — prescribing what constitutes operational 

excellence in LLM deployment, based on widely 

agreed practices, identified challenges, and strategic 

insights. Finally, we juxtapose our synthesized 

framework against existing maturity models (e.g., 

Seda, 2024) and supplement with extended 

dimensions derived from cross‑source comparison. 

This methodology offers several advantages: it 

integrates both academic rigor and practical industry 

insight, accommodates the rapidly evolving 

generative AI landscape, and yields a structured, 

systematically justified operational framework. Its 

main limitation is reliance on available published 

material, which may not cover all practical nuances or 

real-world failure cases. 

RESULTS 

Through our analysis, six core dimensions emerged as 

recurring and foundational to effective LLMOps. 

These dimensions form the pillars of what we term 

the “Composite LLMOps Operational Framework.” 

They are: Infrastructure & Deployment Strategy, 

CI/CD & Lifecycle Management, Prompt Engineering 

& User Interaction Layer, Governance & Compliance, 

Cost & Resource Optimization, and Organizational 

Readiness & Governance Culture. Below, we 

elaborate each dimension and highlight patterns 

across sources. 

Infrastructure & Deployment Strategy 

Many sources emphasize that LLMs — particularly 

large-scale transformer models — pose significantly 

greater computational and storage requirements than 

typical machine learning (ML) models. According to 

Bald (2024), one of the primary barriers to widespread 

LLM deployment is infrastructure cost: memory, 

GPU/TPU instances, high-bandwidth interconnects, 

and efficient storage. Organizations must navigate 

constraints in hardware availability, cloud budget, 

latency, and scalability. 

Moreover, deployment strategy is more nuanced than 

traditional ML models: decisions must be made 

whether to host models in the cloud, on-premises, or 

via hybrid architectures, balancing performance, data 

security, latency, and regulatory compliance. The 

market analysis by Grand View Research (2025) 

underscores this point by projecting growth in both on-

premise and cloud-based deployment modes across 

industry verticals, suggesting that no “one-size-fits-all” 

solution exists. 

Additionally, distributed computing strategies are 

gaining traction as organizations seek to accelerate 

LLM adoption by partitioning workloads across 

multiple nodes and leveraging parallelism (Ambilio, 

2025). Such strategies are particularly useful for 

inference-intensive applications (e.g., real-time 

chatbots) or high-throughput batch generation (e.g., 

content pipelines). However, this introduces 

complexity in orchestration, synchronization, data 

consistency, and fault tolerance. 

In practice, organizations adopting LLMs must perform 

careful evaluation of infrastructure readiness: Do they 

have access to sufficient GPU/TPU resources or cloud 

credits? Are storage and bandwidth adequate? Can 

they ensure low-latency inference and high availability 

for user-facing services? Without a robust 

infrastructure strategy, even high-quality models may 

fail to deliver in production. 

CI/CD & Lifecycle Management 

Traditional MLOps emphasizes the pipeline from data 

ingestion, training, validation, deployment, to 

monitoring. However, for LLMs, the nature of the 

pipeline changes significantly. The work by Chandra 

(2025) highlights how CI/CD pipelines tailored for LLM 
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performance are critical for cloud-based 

environments. Continuous integration and 

continuous deployment (CI/CD) for LLMs must 

accommodate several unique features: frequent 

model updates, prompt variation, dynamic context 

handling, and rollback mechanisms in case of 

performance degradation or safety issues. 

Under our thematic analysis, we found that while 

several early proposals focus on simply adapting 

standard ML‑pipeline tools to LLM contexts, a few 

advanced approaches recommend building bespoke 

LLMOps pipelines that handle model versioning, 

prompt versioning, user feedback loops, inference 

monitoring, and usage analytics (Sinha, Menon & 

Sagar, 2024; Tantithamthavorn et al., 2024). For 

example, in enterprise settings, prompt performance 

may degrade over time because of model drift, 

changes in user behavior, or shift in contextual data; 

thus prompt‑engineering changes must be versioned, 

tested, and deployed through controlled workflows 

rather than ad hoc manual edits. 

Our synthesis also underscores the importance of 

monitoring and logging at inference time — tracking 

latency, error rates, anomalies, resource utilization, 

and user feedback. This enables continuous 

improvement and awareness of operational health. 

Without such mechanisms, organizations risk 

deploying brittle, hard-to-maintain LLM services. 

Prompt Engineering & User Interaction Layer 

A novel dimension in LLMOps, absent in traditional 

MLOps, is the central role of prompt engineering. As 

identified by Sand Technologies (2025), prompt 

engineering is emerging as a distinct role in AI 

operations — akin to “prompt developer” or “prompt 

engineer.” The prompt content, formatting, context 

management, and fallback strategies all greatly 

influence output quality, relevance, and user 

experience. 

Sources such as Sinha, Menon & Sagar (2024) and 

Shan & Shan (2024) emphasize that prompt 

engineering should be treated not as a one-time 

activity but as a continuous operational discipline. 

This includes developing prompt templates, context 

management strategies, prompt versioning, A/B 

testing of prompts, and incorporating user feedback to 

refine prompts over time. 

Furthermore, prompt engineering intersects with 

human–AI collaboration. In many enterprise 

deployments, human-in-the-loop mechanisms are 

necessary: for instance, validating AI-generated 

content, moderating outputs, handling edge cases, or 

escalating to human agents when AI confidence is low. 

Thus, LLMOps must not only consider model and 

infrastructure, but also user interaction workflows, 

fallback mechanisms, and human oversight. 

Governance & Compliance 

As enterprises scale LLM deployment, governance 

becomes a critical concern. According to Pahune & 

Akhtar (2025), transitioning from MLOps to LLMOps 

involves navigating unique governance challenges: 

data privacy, user trust, model misuse, bias mitigation, 

and regulatory compliance. While MLOps governance 

primarily centered around data pipelines and model 

validation, LLMOps governance must encompass the 

content generated by the model, user privacy, ethical 

use, and misuse prevention. 

The maturity model proposed by Seda (2024) 

underscores this by placing governance and 

compliance as a core pillar in achieving operational 

excellence. Organizations must define policies for data 

handling, prompt auditing, output review, user 

consent, logging, and access controls. This includes 

detecting and preventing misuse (e.g., generating 

harmful or disallowed content), ensuring compliance 

with data protection laws, and maintaining audit trails. 

Moreover, governance must be embedded in the 

organizational culture — not treated as an 

afterthought. Enterprises with strong governance 

readiness are more likely to scale LLM services 

responsibly and sustainably. Without governance, 

rapid deployment may lead to serious reputational, 

legal, and ethical risks. 

Cost & Resource Optimization 

Cost is recurring in LLM deployment discussions. As 

Bald (2024) notes, one of the primary inhibitors to 

broader LLM adoption is infrastructure cost — 
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GPUs/TPUs are expensive, cloud compute budgets are 

limited, and large models consume significant 

memory and storage. 

Organizations must therefore strategize carefully: 

choosing between cloud-based and on-premises 

deployments, using distributed computing strategies, 

employing parameter‑efficient fine-tuning 

techniques, leveraging quantization and model 

distillation, or caching and reusing outputs where 

appropriate (Ambilio, 2025; Bald, 2024). 

The economic analysis by Grand View Research (2025) 

suggests that as industries adopt LLMs, cost-effective 

deployment will become a competitive differentiator. 

Enterprises that master resource optimization — 

through efficient infrastructures, workload 

scheduling, resource pooling, and hybrid deployment 

models — will gain advantage in scalability and 

profitability. 

Moreover, prompt engineering also ties into cost 

optimization — efficient prompts can reduce token 

usage, minimize model calls, and hence lower 

compute cost. Well-crafted prompts that achieve 

desired output with minimal context and minimal 

back‑and‑forth make LLM usage more cost-effective. 

Organizational Readiness & Governance Culture 

Perhaps the most under-appreciated dimension is 

organizational readiness — including human skills, 

process maturity, cultural alignment, and cross-

functional coordination. The paper by Sinha, Menon 

& Sagar (2024) provides definitions and frameworks, 

but the deeper interplay of people, processes, and 

technology emerges only when multiple sources are 

synthesized. 

Organizations must prepare for new roles (prompt 

engineers, LLMOps engineers), change reporting 

structures, foster collaboration between developers, 

ops teams, compliance/legal, and business 

stakeholders. As pointed out by Shan & Shan (2024), 

enterprise LLMOps practice involves not just technical 

deployment, but embedding LLM-driven processes 

into business workflows, defining ownership, 

accountability, and escalation mechanisms. 

Importantly, human oversight and feedback loops are 

critical. User experience teams, content moderators, 

compliance officers, and domain experts often need to 

collaborate to ensure LLM outputs meet quality, safety, 

and strategic objectives. Without such organizational 

readiness, even technically well-architected LLM 

systems may fail due to governance lapses, misuse, or 

lack of adoption. 

Maturity Levels — From Experimentation to 

Enterprise LLM Ecosystem 

Based on the six dimensions above and drawing heavily 

from the maturity model proposed by Seda (2024), we 

articulate a composite maturity schema with four 

progressive levels: 

● Level 0: Ad Hoc Experimentation — Organizations 

engage in sporadic experiments with off-the-shelf 

LLMs, no formal processes, infrastructure is ad hoc, no 

prompt engineering discipline, minimal governance. 

● Level 1: Structured Pilot Deployment — Initial 

infrastructure provisioning, basic prompt 

experimentation, ad‑hoc CI/CD, preliminary 

governance considerations, cost tracking, human-in-

the-loop oversight. 

● Level 2: Operational Deployment — CI/CD pipelines 

for LLMs established, prompt versioning and testing in 

place, governance policies defined and applied for 

some applications, resource optimization strategies 

deployed, cross-functional team coordination 

emerges, monitoring and logging implemented. 

● Level 3: Enterprise-Grade LLM Ecosystem — Robust 

infrastructure (hybrid/cloud/distributed), mature 

CI/CD and lifecycle management, prompt engineering 

as defined role, governance and compliance fully 

operational, cost/resource optimization strategies at 

scale, organizational culture adapted, human oversight 

embedded, feedback loops integrated, and LLM 

services considered mission-critical components of 

business workflows. 

This maturity model serves both as diagnostic tool — 

helping organizations assess current readiness — and 

as roadmap — guiding strategic investments and 

process development to reach enterprise-grade LLM 
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operations. 

DISCUSSION 

The composite LLMOps framework derived here 

offers a holistic view of what it means to 

operationalize generative AI. It integrates disparate 

strands — infrastructure, pipeline management, 

prompt engineering, governance, cost, and 

organizational dimension — into a structured model. 

This synthesis provides both theoretical clarity and 

practical guidance. 

One of the key contributions is highlighting prompt 

engineering and human–AI interaction as core, 

first‑class citizens in the operational paradigm. While 

traditional MLOps frameworks treat model training 

and inference pipelines as central, LLMOps must 

allocate equal weight to prompt design, iteration, 

monitoring of prompt performance, and feedback 

loops from end-users. The emergent 

professionalization of prompt engineering (Sand 

Technologies, 2025) validates this shift. In many ways, 

prompt engineering is analogous to software 

engineering for user-facing APIs — requiring testing, 

version control, rollback, and quality assurance. 

Moreover, the emphasis on organizational readiness 

and governance culture underscores that LLM 

deployment is as much a social-technical challenge as 

a technical one. Enterprises must align stakeholders 

across operations, compliance, legal, content 

moderation, business strategy, and user experience. 

Without this alignment, even a sophisticated 

technical stack may fail in adoption or risk 

unacceptable outputs. 

The maturity model approach offers a pragmatic way 

for organizations to plan strategically, allocate 

resources, and prioritize investments. Rather than 

rushing to deploy LLMs broadly, enterprises can 

progress incrementally — pilot → operational → 

enterprise-grade — ensuring that each dimension 

matures in sync. 

However, the framework has limitations. First, it is 

derived from a limited body of literature — much of it 

grey literature (blogs, whitepapers) rather than peer-

reviewed empirical studies. This means that many 

proposed practices remain unvalidated in large-scale 

real-world deployments. For instance, while prompt 

engineering as a dedicated role is advocated, empirical 

studies quantifying its impact on output quality, cost 

reduction, or user satisfaction are lacking. Similarly, 

while distributed computing strategies are suggested 

to address inference throughput (Ambilio, 2025), 

actual data on latency, cost savings, and fault tolerance 

are sparse. 

Second, the pace of innovation in generative AI is rapid. 

New model architectures, parameter-efficient fine-

tuning techniques, quantization, and even specialized 

hardware can render current infrastructure and cost 

assumptions obsolete within months. This temporal 

volatility challenges the durability of any static 

operational framework. 

Third, governance and compliance considerations — 

especially around bias, fairness, privacy, and malicious 

use — remain under-explored in operational 

frameworks. While policy drafting and oversight are 

often mentioned, concrete, robust mechanisms (e.g., 

automated content filtering, bias auditing, user 

consent flows, logging for accountability) are rarely 

described in detail. Given evolving regulatory 

environments worldwide (data protection laws, 

content moderation requirements), this represents a 

serious gap. 

Finally, the framework inherently assumes 

organizations with sufficient resources (financial, 

human, infrastructural) to progress to Level 3 maturity. 

Smaller organizations or resource-constrained entities 

may find it infeasible. This raises equity and 

accessibility concerns regarding widespread generative 

AI adoption. 

Future Research Directions 

To address the limitations identified above, future 

research should undertake several priorities. First, 

empirical case studies of organizations that have 

attempted or achieved enterprise-grade LLMOps 

would be invaluable. Such studies should capture 

metrics such as deployment latency, uptime, inference 

cost per request, prompt iteration cycles, human 

moderation effort, quality and user satisfaction 

outcomes, and return on investment over time. 



European International Journal of Multidisciplinary Research 
and Management Studies 

88 https://eipublication.com/index.php/eijmrms 

European International Journal of Multidisciplinary Research and Management Studies 
 

 

Second, rigorous evaluation of prompt engineering 

practices — for example, quantifying improvements 

in output quality, reduction in token usage, decreased 

need for human correction — would validate prompt 

engineering as a cost- and quality-effective 

operational discipline. 

Third, research on governance mechanisms suitable 

for generative AI outputs is essential. This includes 

developing automated or semi-automated content 

moderation pipelines, bias detection and mitigation 

processes, audit trails, logging and accountability 

frameworks, user consent flows, and data privacy 

compliance. Comparative studies across jurisdictions 

and regulatory frameworks would help define best 

practices that are broadly applicable. 

Fourth, technical research on infrastructure 

optimization — including parameter-efficient fine-

tuning, quantization, model distillation, and 

distributed inference — should be integrated with 

operational research, so that cost, performance, and 

scalability are considered together rather than in 

isolation. 

Fifth, research into human–AI interaction workflows 

and organizational dynamics: How do human 

moderators, prompt engineers, developers, 

compliance officers, and end-users collaborate 

effectively? What training, governance, and cultural 

shifts are required? What are the organizational 

structures that support sustainable LLM operations? 

CONCLUSION 

Generative AI, powered by large language models, 

presents unprecedented opportunities and 

challenges. As enterprises move beyond 

experimentation into serious operational adoption, 

the need for robust, comprehensive operational 

frameworks becomes critical. This paper has 

presented a Composite LLMOps Operational 

Framework — synthesized from current academic and 

industry literature — that integrates six core 

dimensions: infrastructure & deployment strategy; 

CI/CD & lifecycle management; prompt engineering & 

user interaction; governance & compliance; cost & 

resource optimization; and organizational readiness & 

culture. 

The proposed four‑level maturity model offers 

organizations a roadmap from ad hoc experimentation 

to enterprise-grade LLM ecosystems. By following this 

framework, organizations can systematically assess 

readiness, identify gaps, allocate resources effectively, 

and progressively build operational capabilities for 

scalable, sustainable, and responsibly administered 

generative AI services. 

While limitations exist — notably the dearth of 

empirical data and rapidly evolving technological and 

regulatory landscapes — this framework provides a 

theoretically grounded and practically useful starting 

point. As generative AI continues to evolve, further 

empirical research, cross-disciplinary studies, and 

longitudinal analyses will be paramount to refine, 

validate, and extend operational best practices. 
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