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Abstract: As large language models (LLMs) evolve into core infrastructure for intelligent systems, the need for
practical architectural guidance grows ever more urgent. This review takes the perspective of a Generative Al (GenAl)
architect tasked with designing, building, and deploying LLM-powered applications from the ground up. Drawing from
foundational research and real-world implementations, it outlines the modular architecture of such systems, from user
interface orchestration to memory, inference, and alignment layers. It discusses the challenges of scaling, trust,
latency, retrieval augmentation, and tool integration. The review also introduces a theoretical stack model tailored for
architects and closes with future trends such as multimodal reasoning, federated deployments, and autonomous
agents. Ultimately, this article aims to serve as a roadmap for practitioners navigating the rapidly maturing world of
LLM application design.
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L. INTRODUCTION
In the age of artificial intelligence, Large Language Models (LLMs) have emerged as foundational technologies
powering an expansive wave of generative Al applications—from conversational agents and code copilots to creative writing
tools and enterprise knowledge assistants. With the advent of transformer-based models such as GPT-4, Claude, LLaMA, and
Gemini, developers now have access to generalized reasoning systems capable of understanding and generating human-like
language across diverse domains and tasks [1]. However, while using an LLM via an API is increasingly accessible,
architecting and deploying full-stack, LLM-powered applications from scratch remains a complex, multi-layered challenge.

This complexity becomes even more pronounced from the viewpoint of a Generative Al (GenAlI) architect, who must
navigate not only the functional capabilities of LLMs, but also the surrounding system design, infrastructure orchestration,
security, scalability, compliance, and cost optimization. The role is no longer confined to ML modeling or fine-tuning;
instead, it encompasses the holistic architecture of intelligent systems, demanding fluency in tools like vector databases,
retrieval-augmented generation (RAG), prompt engineering, inference optimization, model monitoring, and human feedback
integration

In the broader Al and cloud-native computing ecosystem, the ability to build LLM-based applications from the ground
up is now a key differentiator for organizations seeking to harness competitive Al capabilities. Whether it’s customer support
automation, scientific research assistants, legal document analyzers, or educational tutors, businesses increasingly require
solutions that go beyond basic chatbot interfaces. These systems must be robust, trustworthy, scalable, and deeply integrated
into existing enterprise stacks—ideally designed with LLMOps, governance, and safety built in by default

Yet, despite the promise, there are several critical gaps and pain points in current implementations:
e Architectural ambiguity in how to structure an LLM-based app across layers such as interaction, orchestration, model
invocation, and memory management.
e Lack of standardized practices around prompt chaining, agentic workflows, and dynamic tool use.
e Challenges in inference cost management, especially with API-based access to proprietary models.
e Limited support for robust evaluation and alignment pipelines in real-world deployments [4].

From a research perspective, most existing literature focuses either on foundational model design or on high-level
case studies. What’s missing is a practical, architecture-centric guide that speaks directly to system architects and technical
leads tasked with creating these applications from the ground up.This review aims to fill that gap by offering a
comprehensive, GenAl architect’s perspective on building LLM-powered applications from scratch. It begins by mapping the
evolution and capabilities of LLMs, followed by an exploration of key architectural layers—from interaction interfaces and
orchestration strategies to memory storage, inference infrastructure, and alignment feedback loops. It will also highlight
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experimental benchmarks, design patterns, and deployment practices, before concluding with a forward-looking discussion
on future trends, such as multimodal integration, agent autonomy, and federated deployment.

II. LITERATURE REVIEW

Table 1 : LLM Application Architecture and Deployment

Year Title Focus Findings (Key Results and Conclusions)
2020 | Language Models are Few- | Introduced GPT-3 and its ability to Sparked interest in using LLMs as general-
Shot Learners [5] perform tasks with few or no purpose engines across diverse applications
examples without task-specific fine-tuning
2021 | On the Opportunities and Broad survey on the technical and Identified key challenges in bias, misuse, and
Risks of Foundation societal implications of large-scale scalability that architects must consider
Models [6] foundation models
2022 | Evaluating LLMs Beyond Proposed more practical and task- Showed that perplexity is insufficient for real-
Perplexity [7] aligned metrics for LLM evaluation world applications; encouraged contextual
performance frameworks
2022 | Prompt Programming for Study on prompt engineering Established prompt design as a critical
LLMs [8] techniques and their influence on architectural component and introduced
model behavior reusable prompt templates
2022 Retrieval-Augmented Proposed RAG as a framework for Demonstrated 20-30% improvement in
Generation for NLP [9] boosting factual accuracy in LLMs grounded response quality across tasks like QA
and summarization
2023 | Architecting LLMOps [10] Described a complete stack for Introduced modular principles: observability,
operating LLM applications in monitoring, versioning, and CI/CD for model
production updates
2023 Training LLMs with Investigated RLHF to improve model | RLHF significantly improved trustworthiness
Human Feedback [11] helpfulness, harmlessness, and and safety, now used by major models like
alignment GPT-4 and Claude
2023 ReAct: Reasoning and Introduced reasoning-through- Enabled models to take steps, remember facts,
Acting with LLMs [12] action using external tools and and perform iterative operations in workflows
memory
2023 | LangChain and Modular Showed how to compose LLM Introduced open-source pipelines for chaining
Tool Use [13] applications from reusable building prompts, memory, vector search, and agents
blocks
2024 | Hydra: Composable Agents Proposed agent frameworks Achieved improvements in decomposition, task

with Modular LLMs [14]

combining multiple LLMs for task
delegation

handoff, and explainability in multi-step
environments

II1. BLOCK DIAGRAM: LLM-POWERED APPLICATION ARCHITECTURE
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Figure 1 : Standard Architecture of an LLM-Powered Application
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This pipeline represents the core execution flow of modern LLM applications—supporting retrieval-augmented
generation (RAG), modular orchestration, and custom post-processing, designed to be highly extensible [15].

A. Theoretical Model: GenAI Application Stack (Architect's View)

We propose a five-layer theoretical architecture for building robust, scalable LLM applications from scratch. This
framework emphasizes modularity, governance, and LLMOps maturity—ideal for architects designing enterprise-ready
systems

Layer 1: Interaction Layer
- Web, API, CLI, Messaging,
Session Context

l

Layer 2: Orchestration &
Control - Prompt Chaining,
Agent Logic, Tool Use

l

Layer 3: Foundation Model
Layer - APl or On-Prem
Models, Quantized Versions

l

Layer 4: Memory &
Retrieval - Vector DBs,
Embeddings, Long-Term
Memory

l

Layer 5: Feedback &
Alignment - RLHF,
Telemetry, Ethics,

Governance

Figure 2 : Proposed Theoretical Model for Genai Applications

B. Architectural Discussion
a) Layer 1: Interaction

The interaction layer forms the entry point. Modern apps require not just text inputs but also voice, image, and API
hooks. Session memory ensures context awareness across user interactions, vital for multi-turn reasoning [16].

b) Layer 2: Orchestration
Inspired by systems like LangChain and Semantic Kernel, this layer manages task decomposition, agent control, and
tool integration. It also handles fallbacks in case of model failure or ambiguity [17].

¢) Layer 3: Foundation Model
Supports multi-provider logic—allowing fallback from GPT-4 to Claude or open models like LLaMA. On-premise or
hybrid deployment considerations are key here for data sovereignty or cost optimization [18].

d) Layer 4: Memory & Retrieval
This layer boosts LLMs with external grounding via RAG. It uses vector stores like Pinecone, FAISS, or Weaviate to
retrieve domain-specific information and maintain personalized long-term memory [19].

e) Layer 5: Feedback and Alignment

Real-world LLMs need continuous monitoring. This layer includes:
e Human feedback pipelines
e RLHF or preference-based learning
e Content moderation and compliance tools

It ensures applications evolve with both ethical rigor and operational intelligence [20].
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IV. EXPERIMENTAL RESULTS AND VISUAL ANALYSIS
A. Inference Latency vs Model Size

Model Parameters | Avg Inference Latency (ms per 1K tokens)
GPT-3.5 (API) 175B 420
GPT-4 (APD) ~500B+ 950
LLaMA-2 (13B) 13B 270
LLaMA-2 (65B) 65B 510

Observation: Smaller self-hosted models like LLaMA-2 show lower latency, but trade off accuracy. GPT-4 offers strong
generalization, but with high latency and cost [21].

Latency vs Model Scale (per 1K Tokens)
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Figure 3 : Latency Vs Model Scale

B. Impact of Retrieval-Augmented Generation (RAG) on Performance

Task Plain LLM Accuracy | RAG Accuracy | Improvement (%)
Open-domain QA (NaturalQ) 71.2% 88.6% +24.4%
Legal Document Retrieval 65.4% 84.9% +29.8%
Product Catalog Search (eCom) | 62.0% 81.0% +30.6%

Conclusion : Retrieval boosts factual accuracy and contextual grounding significantly in domain-specific applications [22].

C. Evaluation of Tool Use with Prompt Orchestration

Model + Orchestration Task Success Rate (%) | Avg Tool Use Accuracy (%)
GPT-3.5 + Manual Prompt | 74.1 68.9
GPT-3.5 + LangChain 89.3 84.7
GPT-4 + Agentic ReAct 93.8 91.2

Insight : Structured prompt chaining and tool-based orchestration significantly improves outcome accuracy and task
completion [23].

D. Effect of RLHF on Helpfulness, Harmlessness, and Honesty
Metric Base LLM (%) | RLHF-Tuned LLM (%) | Gain (%)
Helpfulness 58.0 84.6 +26.6
Harmlessness | 64.5 91.2 +26.7
Honesty 67.3 85.4 +18.1

Takeaway : RLHF remains a dominant method for aligning LLM output to human values in production scenarios [24].

E. Key Interpretations
e Latency optimization is critical for UX. Open-source models like LLaMA-2 are viable where inference costs must be
controlled.
e RAG architectures dramatically enhance output quality for fact-based tasks and can eliminate hallucinations in
knowledge retrieval.
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e Agent frameworks and prompt chaining tools (e.g., LangChain, Semantic Kernel) provide better modularity and
reasoning capability.

V. FUTURE DIRECTIONS

The landscape of LLM application architecture is rapidly transforming. As models become more capable and user
demands grow more sophisticated, architects must be ready to integrate cutting-edge advancements across several key
areas:
A. Autonomous Agents and Multi-Agent Coordination

The next evolution in LLM apps involves agentic workflows—LLMs that reason, plan, and act across multiple steps.
With frameworks like AutoGPT, LangGraph, and CrewAl, future applications will coordinate multiple LLM agents, each
specializing in sub-tasks such as data analysis, API interaction, or memory retrieval [25].

B. Multimodal Fusion and Embodied Interfaces

Beyond text, LLMs are increasingly being paired with vision, speech, and sensory input. OpenAI's GPT-4V and Google
Gemini represent early steps toward truly multimodal reasoning systems. Architects must prepare for input/output diversity
and UI paradigms supporting voice, gesture, and visual chat [26].

C. Federated and Edge-Compatible Architectures

As data governance and localization policies grow more stringent (e.g., GDPR, HIPAA), federated learning and on-
device LLM inference will become critical. Technologies like model distillation, quantization, and hardware-specific
compilers (e.g., OctoML, ONNX Runtime) will help deploy LLMs in low-latency, privacy-sensitive environments [27].

D. Adaptive Prompting and Meta-Learning

Static prompt templates are limited. Future systems will leverage meta-learning techniques to adapt prompts
dynamically based on user behavior, retrieval context, or environmental cues. Emerging architectures are experimenting
with self-improving prompts, feedback-tuned chains, and contextual prompt evolution [28].

E. Ethical, Auditable, and Interpretable Al

Trust remains a core concern. Future architectures will need to embed Al ethics pipelines, including automated red-
teaming, alignment scorecards, and interpretability layers. Transparent LLMs will be essential for high-stakes domains such
as medicine, finance, and law [29].

VI. CONCLUSION
Building LLM-powered applications from scratch is no longer just a machine learning task—it's a full-stack systems
design challenge. GenAl architects must bridge the worlds of cloud engineering, natural language understanding, human-
computer interaction, and ethical Al governance. This review has unpacked that challenge, providing a theoretical blueprint
for LLM system design and summarizing the latest research and engineering practices that support it.

By integrating modular thinking, retrieval-augmented generation, tool orchestration, and human feedback
mechanisms, developers can create Al systems that are not only intelligent but also adaptive, trustworthy, and scalable. As
the next generation of LLMs integrates multiple modalities and autonomous behaviors, architects must remain agile—ready
to shape the interface between foundation models and real-world complexity.

Ultimately, the future of Al will not be built by models alone, but by the thoughtful architectures that make those
models useful, safe, and human-centered.
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