
Building LLMs for Production: 
The Practitioner's Roadmap 

A strategic framework for developing reliable, real-world AI applications. 
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The Journey from Demo to Production is a ''March of 9s'' 

Getting an LLM application from 99% to 99.9% 
to 99.99% reliability is progressively harder. 

Vanilla LLMs are powerful but insufficient for the 
demands of production, where accuracy, 
reliability, and observability are paramount. 

fFsut there is a long journey from a basic LLM prompt 
to sufficient accuracy, reliability, and observability for 
a target copilot use case. This journey is called the 
"march of 9s" and is popularized in self-driving car 
development. 
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;-e Base Model Limitations: Hallucinations, knowledge 
: cut-offs, lack of domain-specific context. 
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'---e Production Reality: Most use cases are "copilots" 
with a human in the loop, requiring trustworthy and 
consistent performance. 
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The Essential Toolkit for the ''March'' 

The key to overcoming LLM limitations lies in mastering a core set of techniques. 
These are the foundational skills for any team building production-grade LLM products. 

1. Prompt Engineering

The art of instruction. It's the 
highest-leverage, lowest-cost 
method for improving output. 

2. Retrieval-Augmented
Generation (RAG)

Connecting LLMs to private 
data and live knowledge. 
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3. Fine-Tuning

Specializing models to learn a 
specific style, format, or task. 

Contextual Note: "The complete developer toolkit includes Custom UI/UX, but we focus on these three as the core model-interaction techniques. As the 
source text notes: "We think the key developer tool kit for the 'march of 9s' kit for the 'march of 9s' for LLM-based products is 1) Prompt Engineering, 
2) Retrieval-Augmented Generation (RAG), 3) Fine-Tuning, and 4) Custom UI/UX."'



The Model Landscape Part 1: Proprietary APis 
For teams prioritizing speed and cutting-edge performance, proprietary models offer a robust starting 
point. The recommendation is to "begin with reliable proprietary models during the initial development phase." 

OpenAI (GPT-4 Turbo) 
Pioneer with strong multi modality 
(text and image inputs) and a large 
developer ecosystem. 

Google (Gemini) 
Natively multimodal (text, images, 
audio, video, code). Offered in 
multiple sizes (Ultra, Pro, Nano) with 
context windows up to 1 million 
tokens. 

Anthropic (Claude 3) 
Sets new industry benchmarks. 
Known for a massive 200K+ token 
context window, a focus on safety via 
"Constitutional AI,'' and top-tier 
performance on leaderboards. 

Cohere 
Enterprise-focused platform with 
specialized models: "Command" 
(chat), "Rerank" (semantic sorting), 
and "Embed" (vector creation). 



The Model Landscape Part 2: Open-Source Models 
Open-source models empower teams with control over the stack, enabling customization and 
potential cost savings once a product gains market traction. 

Llama 2 (Meta) 
Set the standard for 
high-performance open models, 
surpassing others like Falcon and 
Vicuna. 

Falcon (TII) 
Notable for its permissive Apache 
2.0 License, allowing for 
commercial use without 
restrictions. 
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Mistral & Mixtral 
(Mistral AI) 
Highly efficient. Mixtral 8x78 is a 
sparse Mixture-of-Experts (MoE) 
model that outperforms Llama 2 
708 with 6x faster inference. 

Dolly 2.0 (Databricks) 
Unique for being trained on 
'databricks-dolly-15k,' a high-quality, 
human-generated instruction dataset, 
making it particularly good at 
instruction-following. 



Technique 1: Mastering the Prompt 
Effective prompting is evolving from simple questions to structured, repeatable templates. Providing 
examples (few-shot) and defining output formats are key to controlling model behavior. 

Zero-Shot vs. Few-Shot I 
Ze ro-Shot Prompt Few-Shot Prompt (with examples) 
Describe "Toy Story" with emojis. Describe the following movie using emojis. 

Titanic: ��•u 
The Matrix: - �� 

Output Toy Story: Output 
0
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Templates & Parsers 

Frameworks like LangChain allow you to create 
reusable' PromptTemplates '. This makes prompts 
programmatic and consistent. Parsers then 
structure the LLM's string output (e.g., into JSON), 
making it reliable for downstream use. 

I 

from langchain.prompts import PromptTemplate 

summary_template = ''"" 
Summarize the following article for me. 
Article: {article_text} 
Focus on the key financial takeaways. 
11 It H 

prompt = PromptTemplate( 
template=summary_template, 
input_variables=[''article_text"] 

) 



Technique 2: Augmenting with RAG 
RAG gives your LLM long-term memory and access to current, private information. It solves the 
knowledge problem not by retraining the model, but by retrieving relevant data and providing it as 
context at query time. 

1. Ingest

Data Connectors (Loaders) 
pull from diverse sources. 

Key RAG Frameworks 

2.Chunk

Text Splitters break 
documents into 
manageable chunks. 
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3. Embed & Store
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Database 

Chunks are converted to 
vectors and stored in a 
Vector Database. 

�� LangChain 

G) User Query

4. Retrieve

User query finds 
semantically similar 
chunks. 

5. Augment & Generate

Prompt 
l□DD� 

Retrieved chunks augment the 
prompt, giving the LLM context 
to generate a factual answer. 



Technique 3: Specializing with Fine-Tuning 
Use fine-tuning to change a model's behavior, style, or format-not to add new knowledge (that's 
RAG's job). Modern techniques make this process computationally and financially feasible. 
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Pre-trained Base Model 

Weights are 
FROZEN 

LoRA 
Adapters 

Only these 
new, small 
adapter 
layers are 
trained. 

Low-Rank Adaptation (LoRA) avoids retraining the entire model, saving massive 
computational cost and mitigating "catastrophic forgetting". 

The Process in Brief 

1. Prepare a high-quality
dataset of examples.

2. Apply a LoRA
configuration.

3. Train the new adapter
weights.



Synthesis: Building Autonomous Agents 
An agent uses an LLM as a 'reasoning engine' to plan and execute complex tasks. The 'tools' 
an agent uses are the very systems we've just designed using RAG and structured prompting. 

Company 
Knowledge 
Base (RAG) 

File I/0 
(Write/Read 

File Tool) 
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Google 
Search 
API 
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File I/0 

Agent 
(LLM Core) 
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Agentic Workflow 

1. Objective 
User provides a high-level goal (e.g., 'Summarize the 
key events of the French Revolution and save it to a 
file."). 

2. Plan 
The agent breaks the goal into steps. 

3. Execute 
The agent selects and uses tools for each step (e.g., 
uses Search, then uses Write File). 

4. Reflect 
The agent synthesizes results and self-critiques to 
achieve the final objective. 

Frameworks like LangChain and AutoGPT provide structures for building these agents. 



You Can't Improve What You Don't Measure 

Production systems demand rigorous and repeatable evaluation. This involves a spectrum of 
metrics, from general model capabilities to the specific performance of your RAG pipeline. 

General Benchmarks 
Standardized tests for broad model capabilities. 

# • SuperGLUE 

(@ • BIG-bench 

@ • HELM 

Task-Specific Metrics 
Custom evaluations for your unique use case. 

I�,> I • Accuracy of code generation 

* • Quality score of a summary

(fJ • User satisfaction rating

RAG System Metrics 
Pipeline-specific metrics for retrieval and generation (via tools like 
Ragas). 
@ • Faithfulness: Does the answer align with the retrieved context? 

[ I • Answer Relevancy: Is the answer relevant to the query? 
Q • Context Precision & Recall: Did we retrieve the right context? 

Efficiency & Cost 

Latency (ms/token) 
. .
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50 ms 
I:

,

,, ,. 
Throughput (queries/sec) 20 qps 

Cost-per-query($) $0.005 



The Toolkit in Action: Industry Use Cases 
These techniques are not theoretical; they are powering sophisticated 
applications across major industries today. 

Healthcare: Med-PaLM 
(Google) 

A multimodal generative model 
designed to provide accurate 
answers to medical queries by 
processing clinical text, medical 
imagery, and genomics. 
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Finance: BloombergGPT 
(Bloomberg) 

A model trained on a combination 
of general and domain-specific 
financial documents to perform 
financial NLP tasks without 
compromising on general 
capabilities. 

Education: Khanmigo 
(Khan Academy) 

An LLM-powered virtual tutor that 
provides detailed explanations 
and examples to enhance 
understanding, adapting to each 
student's unique needs and pace. 



Building Trustworthy and Responsible AI 
A production-ready model must be safe, fair, and reliable. This requires proactive design, 
not just reactive filtering, to mitigate risks like bias and harmful outputs. 
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Core Strategies Featured Framework: Constitutional AI 

• Grounding with RAG: The most effective
way to reduce hallucinations is to ground
the model's responses in factual,
retrieved data.

& 
• Mitigating Bias: Acknowledge that LLMs

can learn and amplify biases from training
data. This requires careful dataset
selection and ongoing monitoring.

� 

A framework developed by Anthropic to align AI 
systems with human values. 

AI Critique 
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Model -� Final, 
Generates � .... Aligned - "Constitution" , 

Response of Principles Response 

The model self-critiques 
its own response against 

the principles. 

Instead of relying solely on human feedback (RLHF), 
the model is trained to choose the most helpful, 
honest, and harmless response on its own. 



Your Production LLM Blueprint 
Building sophisticated, reliable LLM applications is a strategic journey. By combining these 

elements, you can move from a simple prototype to a valuable production system. 
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You Are Now Equipped 
You have the strategic framework for building with LLMs. Mastering these concepts 
and tools is what separates experimentation from production-level engineering. 

Closing Thought 
Over 5 million people are building upon LLMs on platforms like OpenAI, Anthropic, Nvidia, and Hugging Face. The 
breakthroughs in Generative AI have left us with a highly active and dynamic landscape. This journey of invention 
is just beginning. 



March of 9s 

The 
Challenge 
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