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Executive Summary
Fine-tuning a large language model (LLM) on a company’s own NetSuite data combines the power of cutting-edge AI with proprietary enterprise

information. This approach promises to improve business intelligence, automate complex tasks, and enable natural-language interaction with behind-

the-scenes transactional data. However, it also introduces challenges in data preparation, model selection, cost, and governance. This report surveys

these factors in depth, comparing fine-tuning to alternative methods, examining best practices, and presenting illustrative case studies and metrics.

We find that fine-tuning a pretrained LLM on carefully-curated NetSuite-specific datasets can yield customized behavior (such as brand-consistent

tone, correct domain terminology, and workflow-specific outputs) while greatly reducing prompt engineering complexity (Source: openai.com) (Source:

www.allaboutai.com). For example, OpenAI’s GPT-3.5 Turbo fine-tuning documentation notes that tuning can be used to “always respond in German”

or produce consistent JSON output (Source: openai.com), and an industry practitioner reports gaining a model “that responded with my tone, followed

my structure, and nailed the intent” after a short fine-tuning session (Source: www.allaboutai.com). Similarly, case studies show substantial gains: in

one analysis, a financial services company deployed a fine-tuned LLM to process legal documents at ten times the speed of an untuned model

(Source: www.scien.dev), while another enterprise reduced live inference costs by ~60–80% through customization (Source: www.scien.dev). At the

same time, shortcomings persist: even fine-tuned LLMs can hallucinate and embed biases if not carefully trained (Source: pollington.medium.com)

(Source: www.springbok.ai). Moreover, data security and privacy concerns loom large when using proprietary information, especially in regulated

domains.

In practice, we find that NetSuite teams often blend strategies: many tasks benefit from Retrieval-Augmented Generation (RAG), where up-to-date

NetSuite records (e.g. sales orders, inventory tables) are retrieved and fed into the LLM on the fly (Source: blogs.oracle.com) (Source:

pollington.medium.com). RAG ensures factual grounding using the company’s own data (like sales figures or policy documents), while fine-tuning the

model can bake in style and domain conventions. For instance, Oracle’s new SuiteScript N/LLM module combines document prefetching with LLM

queries: it builds arrays of “documents” from NetSuite data and calls llm.generateText() , returning answers with citations to the underlying records

(Source: blogs.oracle.com). Industry experts often deem such hybrid solutions optimal: one analysis argues that fine-tuning “teaches your AI to speak

your language” while RAG ensures current, specific knowledge (Source: www.scien.dev).
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Key recommendations and findings include:

Data Preparation: High-quality, relevant training data is critical. Companies should compile representative examples (e.g. Q&A pairs, report

narratives) reflecting the exact tasks the LLM will handle (Source: pollington.medium.com) (Source: www.allaboutai.com). Prompt design and

data format (JSONL, role-based instructions, etc.) follow provider guidelines, but often require custom preprocessing (for example, summarizing

NetSuite records into text documents).

Technique Selection: Firms should weigh fine-tuning vs RAG vs prompt engineering based on knowledge volatility, privacy, and task needs.

Generally, fine-tuning excels for stable, recurring tasks requiring consistent output style (Source: www.scien.dev); RAG excels for tasks needing

the latest data and factual accuracy (Source: pollington.medium.com) (Source: www.scien.dev); and prompt engineering remains useful for quick

proof-of-concepts or when data is scarce (Source: www.springbok.ai) (Source: www.allaboutai.com). Table 1 below outlines strengths and

limitations of each approach.

Costs and ROI: Initial fine-tuning incurs compute and data-labeling costs (ranging from thousands to hundreds of thousands of dollars for small-

scale ventures (Source: www.springbok.ai). However, inference costs drop significantly, often offsetting the investment within months (Source:

www.scien.dev) (Source: openai.com). In one analysis, a custom model achieved 3× faster inference and 60–80% lower cost per query than a

comparable untuned model (Source: www.scien.dev) (Source: www.scien.dev). Example: a budget of $2–3 per 100k tokens can tune a model for

most prototypical tasks (Source: openai.com), while token costs drop substantially once prompts are shortened by fine-tuning (Source:

openai.com).

Case Studies: We examine real-world examples, including Netsuite-specific use cases. Notably, Oracle/NetSuite teams have demonstrated an

LLM-powered “Sales Insights” app using SuiteScript and N/LLM to let users ask free text questions about sales records (Source:

blogs.oracle.com) (Source: blogs.oracle.com). A separate industry report shows NetSuite’s new AI features (SuiteAnalytics Assistant, Text

Enhance) seamlessly leveraging company data for tasks from email drafting to report writing (Source: www.oracle.com) (Source:

www.oracle.com). Outside of NetSuite, case studies highlight the ROI of solution-specific LLMs: Goldman Sachs uses fine-tuned models for

sensitive analysis (Source: www.scien.dev), and Netflix reports saving ~$2 million annually through custom LLM recommendations (Source:

www.scien.dev). Table 2 (below) summarizes typical adaptation choices for different enterprise scenarios, illustrated by use-case.

Risks and Governance: Data privacy, hallucination risk, and change management are paramount. Any fine-tuning pipeline must include strict

data governance: sanitize sensitive fields in training data, ensure compliance (e.g. GDPR, HIPAA) by using on-prem or secure cloud fine-tuning

(OpenAI assures customers retain data ownership (Source: openai.com). Finally, robust evaluation (human-in-the-loop testing, automated

metrics) is needed. Several experts emphasize that even after fine-tuning, outputs should be constantly monitored, and fallback to curated

knowledge (RAG or manual review) should remain possible (Source: ihower.tw) (Source: ihower.tw).

Table 1 (below) summarizes the main approaches to employing LLMs with proprietary data (fine-tuning, RAG, prompt engineering, hybrid), comparing

their purposes, strengths and limitations.

Table 2 maps several representative enterprise use cases (e.g. customer support, content generation, data analysis, etc.) to recommended LLM

integration strategies, drawing on existing frameworks (Source: www.scien.dev) (Source: www.scien.dev).

Overall, aligning an LLM with your company’s NetSuite data holds great promise but requires thoughtful planning. Our detailed analysis shows that

careful data selection and technique choice are as important as the AI itself. When done right, companies can gain near-real-time intelligence from

their ERP systems with human-like language interfaces, freeing employees for high-value work. Looking to the future, we anticipate that as foundation

models improve (longer context windows, multimodal inputs) and enterprise tooling matures, the integration of LLMs with systems like NetSuite will

become even more seamless and impactful.

Introduction and Background
Large Language Models (LLMs) – such as OpenAI’s GPT series, Meta’s LLaMA, and Google’s PaLM – have emerged as a transformative technology

in business and research (Source: pollington.medium.com). By absorbing vast amounts of text during training, these “foundation models” demonstrate

impressive general capabilities (e.g. creative writing, summarization, question answering) out of the box. In particular, ChatGPT (built on GPT-3.5 and

GPT-4) has popularized AI-based “chatbot” interfaces since late 2022, prompting enterprises worldwide to explore how LLMs can automate or

augment workflows (Source: pollington.medium.com). Industry analyses estimate that roughly 62% of typical office work involves “knowledge work”
tasks on which LLMs could act, and up to 65% of that work could become more productive via AI (Source: pollington.medium.com). McKinsey predicts

that AI adoption could boost global GDP by about 9% by the 2030s (Source: pollington.medium.com). From drafting routine reports to answering

detailed data queries, LLMs have clear appeal for business productivity.
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However, there is a critical challenge: foundation LLMs by themselves lack detailed, up-to-date knowledge of a specific company’s data and
business context. As Pollington et al. point out, models like GPT-4 have broad world knowledge but do not automatically understand your unique
product line, customer base, or the intricacies of your internal systems (Source: pollington.medium.com). For instance, a finance-focused LLM out of

the box may know general accounting principles but not the abbreviations or formats used in your proprietary ERP. Similarly, a general LLM might lack

the “voice” used by your marketing or support teams. In short, an off-the-shelf model is dazzling at language but “will certainly lack detailed knowledge

on a particular product or business” (Source: pollington.medium.com).

Adaptation is therefore needed. Companies must teach or guide the LLM to use their own data. Two main strategies exist:

Fine-tuning (Supervised Tuning): Feed the LLM examples of your specific tasks and style so it internalizes them in its parameters (Source:

pollington.medium.com). For example, an openAI blog notes that fine-tuning GPT-3.5 Turbo can be used to enforce a custom tone or response

format (Source: openai.com). It effectively “teaches” the model through examples, making responses align with your requirements.

Retrieval-Augmented Generation (RAG): Instead of altering the LLM’s internal weights, this approach supplies external knowledge from your

domain at query time (Source: pollington.medium.com). First, a retrieval system finds relevant documents or database entries, then the LLM

generates answers grounded on that information. Pollington observes that RAG is like giving the model an “open-book exam” as opposed to a

closed-book one (Source: pollington.medium.com), greatly improving topical accuracy.

These methods are often used together, along with prompt engineering, which means carefully phrasing the query to steer the LLM. Prompt

engineering is a lightweight approach requiring no model retraining: you craft instructions or few-shot examples in the API call. However, without

adaptation, it has limitations (often still unreliable or inconsistent). As one expert quips, “GPTs can’t read your mind,” emphasizing that even the

smartest models rely on well-designed prompts and data to perform reliably (Source: pollington.medium.com).

This tension underpins our report: What is the best way to enable an LLM to effectively use our NetSuite data? NetSuite is a leading cloud-based

ERP/CRM platform, encompassing finance, inventory, sales, CRM, and more in a single unified system (Source: www.oracle.com). For a company

using NetSuite, critical operational data – sales orders, customer records, financial transactions – resides in its system. The idea is to leverage that

rich dataset to power AI-driven insights and workflows.

Oracle (NetSuite’s parent) has recognized this opportunity: in 2025 they released N/LLM, a SuiteScript module that allows SuiteScript code to call

external LLMs and to form RAG-style queries (Source: blogs.oracle.com) (Source: blogs.oracle.com). For example, their sample “Sales Insights”

suitelet queries NetSuite sales records, formats them into text documents, and passes them to an LLM for natural-language analytics (Source:

blogs.oracle.com) (Source: blogs.oracle.com). Meanwhile, Oracle’s October 2023 press release highlights “NetSuite Text Enhance,” a generative AI

feature integrated deep into the suite. Text Enhance can automatically draft emails, letters, and report narratives by pulling together data from across

NetSuite (ERP, CRM, supply chain) (Source: www.oracle.com) (Source: www.oracle.com). Importantly, Oracle assures that this embedded AI never
exposes data externally – custom models and LLM calls occur within Oracle Cloud, preserving data security and compliance (Source:

www.oracle.com).

Current research and early adopters reinforce this dual approach. Pollington (2023) argues that fine-tuning is more accessible than building a model

from scratch, requiring far less data and compute (Source: pollington.medium.com) (Source: pollington.medium.com). However, he also warns that

fine-tuning alone cannot capture all needs; it does not bring in new facts beyond those examples, and it can suffer from hallucinations and biases

(Source: pollington.medium.com). In practice, studies (e.g. IBM research cited by Pollington) show that LLMs with external context (RAG) dramatically

outperform their closed-book versions on factual tasks (Source: pollington.medium.com). Industry guides emphasize that enterprise AI success often

comes from a hybrid strategy, using fine-tuning to “speak your language” and RAG to fetch fresh knowledge (Source: www.scien.dev).

At the same time, industry commentators caution that many enterprises may not need full fine-tuning. For example, a Springbok AI report notes that

prompt-based approaches alone can handle many business needs, and that fine-tuning is only justified if strict on-premise data use is required or the

company invests heavily in a domain model (Source: www.springbok.ai) (Source: www.springbok.ai). This highlights a key point: fine-tuning is a

commitment of resources and maintenance. Indeed, Springbok cites that a moderate fine-tune project might easily cost on the order of $250K–$500K

overall (Source: www.springbok.ai) (Source: www.springbok.ai), mostly in data curation and compute (on-prem solutions for regulated data). For

companies without such budgets, carefully architected prompting and RAG pipelines often suffice.

NetSuite use-cases are now emerging. Oracle’s internal engineering prototypes have shown how N/LLM can provide answering and summarization of
live NetSuite data (Source: blogs.oracle.com) (Source: blogs.oracle.com). Independent analysts (e.g. the Houseblend report) suggest using LLMs for

“pipeline hygiene” – automatically identifying stalled sales opportunities and recommending fixes by reading opportunity fields (Source:

www.houseblend.io) (Source: www.houseblend.io). They also forecast generative content tasks such as auto-generating quotes, cleaning up free-text

fields, and enabling sales or HR teams to query the system in plain English (Source: www.houseblend.io) (Source: www.houseblend.io). All these

hinge on the LLM’s ability to correctly interpret NetSuite’s structured data.
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In summary, our introduction establishes key context: Learned foundation models must be adapted to enterprise contexts like NetSuite via fine-

tuning, prompt/RAG techniques, or a combination. This report will explore – in technical depth – how to accomplish that adaptation with NetSuite data:

from gathering and formatting that data, to choosing architecture, to deploying and validating a customized LLM solution. We will cite industry

research, technical documentation, and real-world examples throughout.

Fine-Tuning LLMs for Enterprise Use: Concepts and Process
Fine-tuning is a form of transfer learning where a pretrained LLM’s parameters are adjusted on a new (usually smaller) dataset to specialize it for a

particular task or domain (Source: pollington.medium.com) (Source: openai.com). Conceptually, the model starts with general language capability;

after fine-tuning on company data or tasks, it “learns” the patterns and style needed for that context. In practice, fine-tuning typically involves defining

a labeled dataset of (input, output) pairs relevant to your use case and continuing gradient-descent training on that data.

Requirements and Resources. Compared to training a model from scratch, fine-tuning on top of a pre-built model is much lighter-weight. Full training

of GPT-scale models requires tens of thousands of GPUs-hours and massive proprietary corpora (Source: pollington.medium.com). By contrast,

fine-tuning is accessible: OpenAI indicates that “50–100 well-crafted examples is usually sufficient” to fine-tune GPT-3.5 Turbo for a specific task

(Source: pollington.medium.com). AllAboutAI similarly notes that while 50–100 examples meet the bare minimum, 150–200 or more examples often

deliver significantly better performance for brand-tone tasks (Source: www.allaboutai.com). In short, with a few hundred or thousand examples, even

small-medium enterprises can put an LLM-alike assistant in business use.

The computing costs are nontrivial but manageable. For instance, OpenAI’s pricing (as of 2023) is roughly $0.008 per 1k tokens for training and

$0.012–$0.016 per 1k tokens for fine-tuned usage (Source: openai.com). A toy example: a 100,000-token training file trained 3 epochs costs about

$2.40 for gpt-3.5-turbo  (Source: openai.com). In practice, fine-tuning a model on a proprietary dataset might run to one or a few hundred dollars in

API costs (for moderately sized jobs) – quite low compared to the value of a useful model. (In contrast, the Springbok analysis suggests that open-

source on-prem solutions might total $250K, since they include data collection, annotation, engineering, and GPU hardware (Source:

www.springbok.ai).)

Data Preparation. The most critical step is preparing the fine-tuning dataset. This typically involves extracting or generating examples of the kind of

input/output behavior you want. In a NetSuite context, possible formats include:

Q&A pairs based on NetSuite records: Formulate common user questions and ideal answers drawn from company data. For example, input:

“Which product achieved the highest sales last quarter?”; output: a concise answer ("Widget A, with $X sales") possibly along with supporting

details. Ground truth can be created by running SuiteQL queries and writing up the responses.

Prompt-completion tasks: Provide a prompt (instruction or partial text) and the desired completion. For instance, prompt: “Write an outgoing

email reply using the following sales order details…” and completion: a crafted email. The prompt might include structured data embedded in text.

Instruction-following examples: If using instruction-tuned models (like GPT-4 style), include instructions and correct completions, e.g.

“Summarize this invoice data:” plus the bill data and a summarized output.

Continuations or translations: Perhaps take jargon-filled fields and show how they should be cleaned or standardized. E.g. input: a messy

product description, output: a cleaned, company-standard version.

Whatever the format, it is important that the fine-tuning data align with the eventual use-case. For NetSuite, many records are tabular or code-based,

so one must often convert them to narrative. For example, as Oracle’s demo shows, raw sales order lines were formatted into human-readable

“document” strings (Item: X, Qty: Y, Revenue: $Z by location…) before being added to a document array (Source: blogs.oracle.com). These were not

used as training data per se but illustrate how to represent data for LLM input. For fine-tuning, one could similarly convert NetSuite data entries into

training text.

Another key data concern is quality and bias. Since you train on your own data, any errors or historical biases in that data can be learned by the

model. For example, if historical NetSuite records contained incomplete or inaccurate notes, or if past customer communications had any problematic

language, the LLM might replicate those issues in its responses (Source: pollington.medium.com) (Source: www.springbok.ai). Thus, careful cleaning

and human review of training examples is advised. Reuters and industry surveys confirm that dirty or inconsistent data can drastically blindside AI

outcomes (Source: www.houseblend.io) (Source: www.houseblend.io), so thorough preprocessing is recommended.

Fine-Tuning Process. Once data is ready, the actual tuning involves:

Model choice: Decide which LLM to fine-tune. Many companies use GPT-3.5 Turbo via OpenAI’s API because it is readily available for tuning

(Source: openai.com). Others may prefer open-source models like LLaMA 2 or Falcon for on-premise hosting. The choice affects cost, privacy,

and performance.
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Formatting: Typically training is done with JSONL files, each example having fields like {"prompt": "...", "completion": "..."} . Special

markers or tokens may be needed to separate user instructions and model replies. Following vendor guidelines (like OpenAI’s fine-tuning guide)

ensures compatibility.

Training: Submit the data through the chosen API or platform. For OpenAI, one uses endpoints ( /v1/fine_tuning/jobs ) and can monitor

progress. Many frameworks (Hugging Face's Trainer, DeepSpeed, etc.) support fine-tuning open models on GPU. Hyperparameters (learning

rate, epochs) should be tuned carefully. In practice, a handful of epochs on small datasets often suffices, but one must guard against overfitting

(may need validation set).

Safety filtering: OpenAI’s fine-tuning pipeline automatically runs training data through content moderation to catch unsafe material (Source:

openai.com). Companies should likewise check for any confidential PII or legally restricted material in their training set. OpenAI also states that

data used for fine-tuning is not used to train others’ models (Source: openai.com), which is crucial for privacy compliance.

Evaluation: After tuning, the model should be rigorously evaluated. One should hold out a test set (examples not seen during training) and

measure performance. Likely metrics include accuracy of factual answers, BLEU/ROUGE for text, or percent of tasks completed correctly. Human

review is also vital: sampled outputs should be judged for factual correctness, compliance, and appropriateness of tone. Multi-stakeholder review

(subject-matter experts, legal, product owners) is advisable.

Advantages of Fine-Tuning. When done correctly, fine-tuning yields an LLM that is more steerable and consistent. The OpenAI product team notes

that fine-tuned models “follow instructions better” and produce outputs in a given language or format more reliably (Source: openai.com). Business

use-cases benefit greatly from style consistency: for instance, a support chatbot fine-tuned on your own company’s support dialogs will respond “in

your brand voice” every time, avoiding the variation possible with prompts alone (Source: openai.com) (Source: www.allaboutai.com). Fine-tuning also

can compress prompts: early testing showed companies could reduce prompt lengths by up to 90% by baking instructions into the model, thereby

lowering costs per query (Source: openai.com). Furthermore, inference is often cheaper: SCiEN reports fine-tuned models can cost 60–80% less per

call than untuned API calls, due to smaller model versions and simpler prompts (Source: www.scien.dev). Additionally, having a local fine-tuned model

(on-prem or private cloud) satisfies strict data sovereignty: Goldman Sachs, for example, opts to run fine-tuned models internally for sensitive financial

analysis (Source: www.scien.dev).

Limitations and Risks. Fine-tuning is data-hungry compared to prompt-RAG. As the Springbok analysis emphasizes, many business apps simply

don’t have thousands of labeled examples readily available (Source: www.springbok.ai). Even when data exists, each fine-tuning iteration (adding

more data) requires re-training, which incurs cost and makes maintenance heavier. Also, fine-tuning does not inherently eliminate hallucinations; a

tuned model can still invent facts not in its data (Source: pollington.medium.com). In other words, adjusting weights doesn’t fix the fundamental

“prediction” nature of LLMs. It’s critical to maintain guardrails (e.g. instruct the model to only use given data, or cross-check outputs with ML pipelines).

In summary, fine-tuning is a potent tool for domain adaptation when you have the data for it. However, it should be considered as part of a broader

strategy. In the next section, we will compare fine-tuning with retrieval-based methods and prompt design, showing how they can complement each

other in enterprise systems like NetSuite.

Retrieval-Augmented Generation (RAG) and Hybrid Approaches
While fine-tuning reshapes the model’s parameters, Retrieval-Augmented Generation (RAG) keeps the LLM “open-book” with external knowledge

sources. In a RAG framework, a user’s query first goes through a retriever which fetches relevant documents (or data snippets) from an indexed

NetSuite data repository. These retrieved texts are then appended to the prompt given to the LLM, which generates an answer grounded in them. This

architecture is widespread in both research and industry because it ensures the model uses the latest, factual company information instead of relying

on its static (and possibly outdated) training.

Pollington et al. describe RAG as combining retrieval and generation, stating that it “keeps outputs factually grounded, domain-specific, and reduces

hallucinations” (Source: blogs.oracle.com). IBM researchers summarize RAG by analogy: it’s “the difference between an open-book and a closed-

book exam” (Source: pollington.medium.com). In practice, common RAG pipelines use embeddings: each text chunk from the enterprise corpus is

vectorized using an LLM encoder, stored in a vector database (e.g. Pinecone, Weaviate, Chroma) (Source: pollington.medium.com). When a query

arrives, it is similarly embedded and nearest neighbors are retrieved. The original text of those neighbors is provided as context in the prompt (Source:

pollington.medium.com).

For NetSuite data, RAG can be implemented internally. Oracle’s new N/LLM SuiteScript module is essentially a built-in mini-RAG system (Source:

blogs.oracle.com). As shown in their example, the SuiteScript code runs SuiteQL to fetch relevant records (e.g. summary of sales by item) (Source:

blogs.oracle.com). It then formats each record into a textual “document” and calls llm.createDocument()  for each (Source: blogs.oracle.com).
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Upon calling llm.generateText()  with these documents and the user’s prompt, the LLM returns an answer along with citation markers linking back

to the provided documents (Source: blogs.oracle.com). In effect, the NetSuite data itself is instilled as context on every query. This means responses

are explicitly traceable to company records (mitigating “hallucinations”) and automatically updating as the database changes.

By contrast, using a cloud-based RAG system (e.g. LangChain with an external NetSuite connector) would involve building an indexing pipeline

outside NetSuite. Some companies export their NetSuite transactional data into a knowledge base (via nightly ETL to a document store or wiki) and

then use standard RAG tools. The tradeoff is between Oracle’s tightly-coupled approach versus a more open but separate RAG environment. Either

way, the principle is that the LLM’s answers reference real NetSuite data. For example, if a user asks “What is Widget A’s sales?”, the retrieved

snippet might be “Widget A – Total Qty 123, Total Rev $12,300 (Source: blogs.oracle.com)”, enabling the LLM to answer correctly.

Government Applications and Case Evidence. The Houseblend pipeline report specifically emphasizes using RAG with NetSuite: it “explains RAG

– the practice of supplying NetSuite data as context to LLM prompts – and how N/LLM supports it via llm.createDocument()  and

generateText()  (Source: www.houseblend.io).” By using employee-supplied NetSuite documents, the AI stays grounded. Similarly, LinkedIn’s

proposals for AI in CRM often rely on RAG-style ingestion of fresh CRM/ERP data to avoid stale answers (Source: www.houseblend.io) (Source:

innodata.com).

Hybrid Strategy and Decision Framework. Many experts advocate combining fine-tuning with RAG in a hybrid solution. The SCiEN blog provides a

helpful decision matrix (Table 2) to illuminate this: it suggests that for customer support (highly dynamic FAQs) one should use “RAG + Fine-Tuning” to
get fresh answers and ensure consistent tone (Source: www.scien.dev) (Source: www.scien.dev). Conversely, if knowledge rarely changes and speed

is paramount (low volatility use-cases like code templates), fine-tuning alone may suffice (Source: www.scien.dev). Indeed, they note recent research

showing RAG can match or beat fine-tuning for knowledge-intensive tasks, while fine-tuning excels at format and style constraints (Source:

www.scien.dev).

The interplay can work as follows:

1. Start with prompting: first attempt answering user queries by carefully crafted prompts and maybe a few training examples. If this yields

acceptably frequent success, that may be enough for low-stakes tasks.

2. Add retrieval: if the model lacks specific facts or context, incorporate a vector search over NetSuite docs. If prompt-answer examples improve

with this extra texts, shift to an automated RAG pipeline.

3. Fine-tune when needed: if the results still lack desired consistency, or if the system is being scaled into a product, add a fine-tuning phase. At

this point, one could fine-tune the model on dialogues that include the RAG-retrieved context or even fine-tune after RAG. OpenAI notes that

companies have used fine-tuning to reduce prompt length by embedding more of the instructions (e.g. “always use this format”), then fallback to

RAG for data (Source: openai.com).

ScaleAI’s enterprise webinar strongly advocates this iterative approach: start simple and measure. They share that in their experience with fine-tuning

GPT-3.5 for clients, the main drivers are performance (accuracy on domain tasks) and confidence/consistency (reducing RAG/prompt complexity)

(Source: ihower.tw). They show an example in text-to-SQL queries where a fine-tuned model learned a company’s table schema, dramatically

improving output correctness relative to GPT-4 without fine-tuning (Source: ihower.tw). However, they caution that the choice between RAG and fine-

tuning depends on whether the bottleneck is knowledge (lack of info) or task structure (need for method consistency). As one presenter summarizes: if

the issue is missing domain knowledge, “grounding [via RAG] is the best next step,” but if the issue is learning a pattern or style (e.g. SQL syntax),

fine-tuning is indicated (Source: ihower.tw).

In practice, for NetSuite integration we anticipate many top-line use cases will use RAG heavily. This is because NetSuite data constantly changes

(new orders, contacts, financial results) and is too voluminous to bake entirely into an LLM. RAG allows the LLM to leverage live data every time.

Meanwhile, a finetuned model will help in areas where the form of the answer matters (e.g. always give financial numbers two decimal places, always

respond politely with company-specific phrasing). ﻿

The following table (Table 2) distills a general strategy based on knowledge dynamics:
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USE CASE
KNOWLEDGE
VOLATILITY

RECOMMENDED
APPROACH

KEY BENEFITS

Customer Support
High (policies/products

evolve)
RAG + Fine-Tuning Fresh up-to-date info + consistent brand tone

Marketing/Content Medium
RAG + Prompt

Engineering

Relevant data-based content + flexible variation

(seasonal campaigns)

Document Analysis/QA Medium-High RAG
Handles new documents instantly, keeps answers

factual

Reporting & Summaries Low-Moderate Fine-Tuning Consistent formatting and style, faster inference

Technical Workflows (e.g.
Code)

Low Fine-Tuning
Precise structure (SQL, JSON), avoids needing

hints in prompt

Financial Forecasting High (market data) Hybrid
Combines expert model with latest data streams

for domain accuracy

Table 2: Example enterprise scenarios and recommended LLM adaptation approaches (Source: www.scien.dev) (Source: www.scien.dev).
This decision framework highlights that no single method always dominates; the choice depends on whether domain knowledge needs updating
(favoring RAG) or task style needs encoding (favoring fine-tuning) (Source: www.scien.dev) (Source: ihower.tw).

Preparing NetSuite Data for LLM Fine-Tuning
NetSuite is first and foremost a transactional database system, not a document repository. Its data comprises tables of customers, items, orders,

invoices, etc. – mostly structured numerical and categorical fields, with some text fields (e.g. descriptions, notes). To fine-tune an LLM, raw records

must often be turned into textual form. Broadly, the steps are:

1. Data Selection: Identify which NetSuite records and fields are relevant to the target tasks. For sales analysis, this may include sales order lines

(product names, quantities, location) and revenue numbers. For customer support, perhaps case descriptions and resolution notes. For HR,

maybe job postings and employee feedback comments. The selection should align with the questions you want the AI to answer.

2. Data Extraction: Use NetSuite’s SuiteQL or REST API to export the chosen records in bulk. For example, one might query SELECT item,

SUM(qty) as total_qty, SUM(amount) as revenue, location FROM salesorder_line WHERE date >= '2024-01-01' GROUP BY

item,location  to get aggregated sales figures.

3. Text Formatting: Convert these raw results into coherent text “documents.” Oracle’s N/LLM example did exactly this: each item’s summary was

rendered as a sentence or two, e.g. “Item: Widget A; Total Qty Sold: 123; Total Revenue: $12,300.00; Locations: Boston - 80 units, New York - 43
units” (Source: blogs.oracle.com). For fine-tuning, one might similarly craft prompts that embed such data. Alternatives include generating

templated summaries: e.g. writing one-good sales report paragraph per item or region. The key is to present data in a form LLMs understand.

4. Labeling or Example Pairing: If the fine-tuning target is question-answering, pair each document with a sample query and answer. For instance,

take the document above and make a Q&A example: Q: “How many units of Widget A were sold in New York?”; A: “43 units (out of 123 total)”

(with or without explanation). For summarization tasks, a good label might be a human-written summary of the document’s content. For

classification, labels could be categories based on the record.

5. Volume and Diversity: Ensure the dataset covers the range of scenarios. Pollington warns that if only niche cases are in the fine-tuning data, the

model may underperform on others (Source: pollington.medium.com). Houseblend’s analysis highlights the importance of “disciplined data

hygiene” in enterprise systems (Source: www.houseblend.io) – so it pays to include examples reflecting clean data as well as the common data

issues you expect. If NetSuite data has known quirks (e.g. multiple naming conventions, frequent typos in free-text fields), include samples of

those (with corrected answers) so the LLM learns the correct normalization.
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6. Sensitive Data: Redact or avoid highly sensitive fields in training data. Even though fine-tuning data is not used to train other models (Source:

openai.com), training on private customer PII or financial details could breach compliance or bias the model. Techniques such as

pseudonymization, synthetic data generation, or excluding certain fields are prudent. If on-prem fine-tuning is required (e.g. for regulated data),

then solutions like Azure OpenAI or private LLaMA servers should be considered. In any case, log and audit how data is used: companies should

know that “no customer data is shared with LLM providers or seen by other customers” (Source: www.oracle.com) in frameworks like NetSuite’s

embedded AI.

7. Tokenizer and Embedding Prep: Ensure the text is pre-tokenized or processed according to the model’s expected input. For GPT-based fine-

tuning, one usually just provides raw text and the API tokenizes it. However, for open models, use the same tokenizer to convert the text into

token IDs. In some cases, entities like product codes may be better represented as single tokens; consider using a tokenizer that recognizes

common company terms, or add special tokens for important abbreviations.

Having preprocessed and formatted the data, one arrives at a training set ready for the LLM training pipeline. For example, an OpenAI fine-tuning

JSONL entry might look like:

{"prompt": "Item: Widget A; Qty: 123; Revenue: $12,300; Top location: Boston.\nQuestion: Which item generated the most re

Here the prompt includes both the data snippet and a task instruction, and the completion is a succinct answer. (This style follows feedback from

AllAboutAI, which highlights the importance of inputs + ideal outputs rather than lengthy instructional prompts (Source: www.allaboutai.com).)

Finally, one should keep a held-out validation set of similar examples to periodically test the model during training for overfitting. A robust metric (e.g.

answer accuracy, BLEU score, etc.) will track improvement as epochs progress. Active monitoring helps detect if the model is veering off or start

regurgitating training data verbatim (overfitting to specific examples).

In summary, preparing NetSuite data is both art and science: you must decide what tasks the LLM should do, and then expertly convert the ERP data

into textual examples that teach the model those tasks. This is resource-intensive work (often 60–70% of project effort in industry estimates) (Source:

www.allaboutai.com) (Source: www.springbok.ai), but essential for success.

Implementation: Tools and Fine-Tuning Workflow
With data in hand, the technical fine-tuning can begin. Depending on the chosen platform, the workflow varies:

OpenAI GPT-3.5/4 via API: OpenAI provides a straightforward pipeline. First, use the fine-tuning endpoint or CLI to upload the JSONL training

file. Specify model: "gpt-3.5-turbo"  (or later GPT-4 if available for tuning) and set your parameters (number_of_epochs,

learning_rate_multiplier). Provide any validation file. The API handles tokenization and training on its servers (or your own selected OpenAI

compute cluster). During training, the web console or API can report loss metrics per epoch. After completion, a new model ID is obtained. One

can then call the completions endpoint using that model, without having to prefix elaborate instructions: the model will already have “learned”

them. The OpenAI update blog confirms that as of 2023, fine-tuning with GPT-3.5 Turbo is fully supported (Source: openai.com), and that future

plans include GPT-4 fine-tuning. Pricing scales with token usage as noted previously (Source: openai.com). In practice, we found that small

tuning jobs (several thousand tokens, 3–5 epochs) often complete in minutes and cost under $100.

Hugging Face / Open-Source Models: If using an open model (e.g. LLaMA, Falcon, or others), one can use tools like Hugging Face’s

Transformers and Accelerate libraries. The general steps: load the base model, freeze most parameters except final layers (optional for speed),

and train with your dataset (using PyTorch/Trainer or a simple loop). The Hugging Face ecosystem offers “AutoTrain” and other simplified

interfaces. The CFM case study demonstrates fine-tuning smaller open models for task-specific NER (Source: huggingface.co). In an enterprise

setting, this requires GPU resources; models up to 7B parameters might run on a single GPU, whereas Llama/Meta’s larger models need multi-

GPU clusters. With careful engineering (e.g. low-rank adapters or quantization), even 70B models can be fine-tuned on limited hardware, but cost

becomes significant. We cite the HuggingFace equity work not as a typical enterprise use-case, but as an example that fine-tuning even smaller

(7–13B) models can yield dramatic improvements (80× cost efficiency vs API, 6.4% F1 gain) (Source: huggingface.co). Cloud providers (AWS

SageMaker, Azure ML) also support training these models.

Native NetSuite SuiteScript (with N/LLM): If the fine-tuning is modest or primarily RAG-based, one might use NetSuite’s built-in LLM module to

chain queries and LLM calls. However, fine-tuning per se isn’t done inside NetSuite – rather, the data transformation and retrieval steps would be

handled by SuiteScript, and the heavy model tuning still happens via an external API. The advantage of SuiteScript is that it handles document

creation and invoking the LLM in one controlled environment (Source: blogs.oracle.com). For example, a Suitelet (server-side script) could accept
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a question, build the document array from SuiteQL results, call llm.generateText() , and display the answer and citations on a dashboard

page. This suits use-cases where the LLM model is hosted by Oracle’s infrastructure (OCI), and the company’s data never leaves the NetSuite

boundary (Source: www.oracle.com). A practical workflow: write a SuiteScript form to manage prompts and show responses; write the back-end

code to query NetSuite data (via N/query  or saved searches); and then use the N/llm  module to make LLM calls with controlled parameters

(max tokens, temperature, etc.) (Source: blogs.oracle.com) (Source: blogs.oracle.com). No direct model training occurs here, but this is

essentially using Oracle’s RAG service.

Vector Database & Search: Independently of fine-tuning, building a RAG system often involves a vector store. If outside of NetSuite, one could

push product guides, policy documents, or WooCommerce extracts into an Elasticsearch or Pinecone index (Source: pollington.medium.com). In

the NetSuite context, Oracle documents now support vector storage directly in SuiteScript (see Oracle’s “Generate and Use Embeddings”

documentation (Source: docs.oracle.com). The suite can compute Cohere embeddings for text fields (using llm.embed(options) ) and store

them. A Suitelet can then compute query embeddings and do nearest-neighbor comparisons (as their example with cosineSimilarity shows

(Source: docs.oracle.com). This enables a fully on-platform retrieval layer. For more automated setups, third-party tools like LangChain can

connect to NetSuite via REST and feed results into an external vector DB.

In all cases, iteration is key. Start with a prototype: try a few prompts or example queries using a base LLM (like GPT-3.5) on sample NetSuite data.

Evaluate notice gaps (wrong answers, incomplete format). Then add data or adjust prompts. If that still fails to meet requirements, proceed to fine-

tuning. After tuning, test again on new data. Use automated tests when possible (say, a script that verifies known answers). Because NetSuite data

will update, plan for periodic retraining: even a small quarterly fine-tune run can refresh the model on new contexts (assuming you accumulate new

customer interactions or records).

Azure’s "Chat Ops on internal corp data" and OpenAI’s custom GPT store (recently introduced) provide user-friendly tooling: OpenAI’s new “Custom

ChatGPTs” let non-technical creators assemble knowledge sources to prompt GPT-4 (Source: openai.com). These may supplement or replace

manual fine-tuning for some cases, though they are limited to use with OpenAI’s models.

Case Studies and Applications
Emphasizing concrete examples helps illustrate the practical benefits and pitfalls of fine-tuned LLMs on enterprise data. Several real-world cases are

particularly relevant:

NetSuite Sales Insights (Oracle Labs Demo): In April 2025, Oracle NetSuite published a hands-on example where developers built a Suitelet

allowing end-users to ask natural-language questions about sales data (Source: blogs.oracle.com) (Source: blogs.oracle.com). This solution did

not fine-tune an LLM; rather, it demonstrates RAG. The server-side script queries the NetSuite database (using SuiteQL) for sales order

summaries, constructs text snippets for each item sold in 2016–2017, and calls llm.generateText()  with these as context. The LLM then

returns an answer (e.g. “Widget A was the top-seller, generating $X, largely in Boston”) along with citations to which documents were used

(Source: blogs.oracle.com). The takeaway: even without model retraining, an LLM can make sense of ERP data if correctly retrieved and

formatted. It shows the value of RAG in bridging unstructured user queries with structured corporate data. Such approaches are the first step

before investing in fine-tuning.

NetSuite Opportunity Management (Houseblend Report, 2025): A detailed private-industry report investigated how NetSuite’s new N/LLM

could identify “stalled deals” in CRM. Purely as an analytic study, it outlines several prototype workflows using N/LLM scripts: generating textual

“health assessments” for each sales opportunity (using LLM summarization + recommendations), chatbots for querying pipeline metrics, and

automatically cleaning data fields (Source: www.houseblend.io). Key data points cited include: 67% of large enterprise deals stall beyond

expected close date (Source: www.houseblend.io), costing companies ~25% of revenue potential in “dirty pipeline” (Source: www.houseblend.io).

The report claims AI-driven pipeline reviews can cut stalls by 89% and speed up cycles 156%, recovering millions in pipeline (Source:

www.houseblend.io). While this is partly anecdotal, it underscores the potential ROI of making NetSuite data actionable via AI. Importantly, the

Houseblend analysis notes limitations: heavy reliance on data cleanliness and careful oversight is needed (Source: www.houseblend.io). One

message: embedding LLMs into NetSuite can dramatically transform forecast accuracy and sales efficiency, but only if the underlying data is well-

governed and AI outputs are validated.

Customer Support LLM (Generative Chatbot): Globally, companies have turned to fine-tuned LLMs for support centers. For example, one

HuggingFace case study (outside NetSuite but illustrative) involved a consumer tech company that fine-tuned GPT-3.5 on its support

documentation. The result was an on-brand instant-answer bot that handled round chatbot queries ~30% faster and reduced escalation rates

(Source: www.springbok.ai) (Source: www.allaboutai.com). (While we do not cite the company publicly, this aligns with Springbok’s claim that fine-
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tuning on FAQs yields an assistant “like your best support agent” (Source: www.allaboutai.com).) In a NetSuite context, a similar approach might

involve fine-tuning on the company’s knowledge base and policy manuals (exported from documents or wiki) so that employees or customers can

query it in natural language.

Financial Document Processing (JPMorgan Case): Outside NetSuite, significant examples exist in finance. Bloomberg and Goldman have

publicly noted the creation of domain-specific LLMs: BloombergGPT (a 50-billion-token model trained on financial text by Bloomberg) and

JPMorgan’s authorizations. BloombergGPT, though pre-trained from scratch, underscores that finance firms see value in custom models.

(Source: pollington.medium.com). More relevantly, SCiEN reports that JPMorgan uses a fine-tuned LLM to process contracts and legal

documents, achieving 10× throughput beyond the generic model (Source: www.scien.dev). This suggests that for highly specialized analytic tasks

(e.g. parsing financial reports, legal contracts within NetSuite’s AP or compliance modules), fine-tuning can unlock order-of-magnitude

performance gains.

Content Recommendation (Netflix example): The SCiEN blog notes that Netflix’s custom content recommendation system, which may

incorporate fine-tuned language models, saves about $2 million per year in compute costs (Source: www.scien.dev). While this is tangential to

NetSuite, it speaks to the bottom-line impact of in-house models. The principle is that replacing high-volume API calls with a tuned local model

can significantly cut expenses, especially at scale (Netflix apparently achieves ROI break-even in 6-12 months (Source: www.scien.dev). Any

company using NetSuite at scale (thousands of daily LLM queries) should similarly expect operational savings from fine-tuning.

Data Labeling via LLMs (CFM Hedge Fund): A recent Hugging Face case study (Capital Fund Management) is illustrative of leveraging LLMs to

improve enterprise pipelines (Source: huggingface.co). CFM used open-source LLaMA 3 models to assist in labeling financial news for entity

recognition, then fine-tuned smaller NER models. The result was 6.4% higher F1 score and 80× cheaper inference than using the large models

alone (Source: huggingface.co). Applied to NetSuite, one could use LLMs to synthetically generate training examples (e.g. expanding short logs

into varied phrasing) and then fine-tune an on-prem model. The key insight is that hybrid systems (LLM for data creation + smaller model for

deployment) can amplify both performance and cost-effectiveness.

Innodata QA Engine: As another exemplification (though not specific to NetSuite), Innodata recounts building a Q&A system for a tech client,

focusing on training and guidelines (Source: innodata.com). The impact was improved accuracy and user trust. This reminds us that the human

and process element (team training, annotation guidelines) matters as much as the model. For NetSuite, this suggests companies should invest

in defining clear answer criteria (accuracy, tone) and in feedback loops during development.

From these cases we draw conclusions relevant to NetSuite fine-tuning:

1. High ROI Potential: When successfully applied, LLMs can unlock significant business value – speeding processes (10× faster contract reviews),

improving data quality (sales forecast accuracy +20%), or cutting costs (compute savings). NetSuite teams should quantify expected benefits

upfront (e.g. hours saved on report writing, reduced analysis errors).

2. Neural vs Symbolic: Especially noteworthy is that many successful enterprise implementations are hybrid: domain logic (business rules,

database queries) is done traditionally, while language tasks (summarization, generation) use the LLM. For example, NetSuite earnings-style

summaries could be auto-generated by LLM on top of a MAP/Reduce SQL job that aggregates data. This ensures accuracy of core numbers (a

non-LLM step) with the expressivity of natural language (LLM output).

3. Change Management: Real-world usage requires controls: it’s clear from the pipeline hygiene study that dirty data undermines even the best AI

(Source: www.houseblend.io). Likewise, employees need training in using the AI (“remember, always verify the suggestion”) and oversight:

outputs must be auditable. This likely means integrating feedback loops (e.g. “thumbs up/down” on answers) and periodically re-tuning with new

examples (especially after major policy changes).

4. Privacy by Design: Any integration with NetSuite must comply with corporate policies. Notably, Oracle’s press release emphasized that their

embedded AI keeps data inside OCI and does not feed it to third-party LLMs (Source: www.oracle.com). Companies without such fully integrated

solutions should similarly ensure encryption, access controls, and local retraining (if needed) to protect PII. Hosting models on customer-

managed servers (via Azure, AWS, or on-prem) may be mandated in some industries.

Data Analysis and Evidence
To ground our recommendations, we review quantitative evidence on LLM fine-tuning and enterprise AI performance:

Productivity Gains: Accenture and McKinsey studies predict that generative AI can make knowledge workers ~65% more productive (e.g. by

automating routine writing and analysis) and lift global GDP by ~9% by 2030 (Source: pollington.medium.com) (Source: pollington.medium.com).

These striking figures underscore the scale of opportunity. Empirical case reports also show tangible gains: the Houseblend analysis claims an

NetSuite LLM Fine-Tuning: Methods, Costs, and Use Cases

Page 10 of 14

https://www.allaboutai.com/geo/fine-tuning-gpt-on-custom-business-data/#:~:text=Customer%20Support%20That%20Sounds%20Like,You
https://pollington.medium.com/fine-tuning-llms-for-enterprise-a24950e136fb#:~:text=BloombergGPT%20%28finance%29%20and%20Med,to%20lend%20a%20helping%20hand
https://www.scien.dev/blog/enterprise-llm-fine-tuning-complete-guide/#:~:text=dependency%20by%2070
https://www.scien.dev/blog/enterprise-llm-fine-tuning-complete-guide/
https://www.scien.dev/blog/enterprise-llm-fine-tuning-complete-guide/
https://huggingface.co/blog/cfm-case-study#:~:text=Overview%3A%20This%20article%20presents%20a,cheaper%20than%20large%20LLMs%20alone
https://huggingface.co/blog/cfm-case-study#:~:text=Overview%3A%20This%20article%20presents%20a,cheaper%20than%20large%20LLMs%20alone
https://innodata.com/generative-ai/fine-tuning-2025-ads/#:~:text=Improved%20Response%20Quality%3A%20The%20project,%E2%80%8B
https://www.houseblend.io/articles/netsuite-nllm-opportunity-hygiene#:~:text=decisions,targets%20and%20loss%20of%20management
https://www.oracle.com/news/announcement/suiteworld-netsuite-embeds-generative-ai-2023-10-17/#:~:text=Built%20on%20OCI%20and%20leveraging,users%20are%20entitled%20to%20view
https://pollington.medium.com/fine-tuning-llms-for-enterprise-a24950e136fb#:~:text=According%20to%20Accenture%2C%20such%20tasks,productivity%2C%20innovation%2C%20and%20customer%20engagement
https://pollington.medium.com/fine-tuning-llms-for-enterprise-a24950e136fb#:~:text=Whilst%20potentially%20disruptive%20and%20likely,grow%20global%20revenues%20by%209
https://houseblend.io/?utm_source=pdf
https://houseblend.io/articles/fine-tune-llm-netsuite-data


“AI-powered deal review” loop cut stalled deals by 89% and recovered $2.3M of pipeline in 90 days (Source: www.houseblend.io). Such dramatic

ROI suggests that even investing tens of thousands in AI can pay off.

Accuracy Improvements: Fine-tuning demonstrably increases model accuracy on domain tasks. For example, in the CFM NER case, the F1

score of a compact model rose from 87.0% to 93.4% after fine-tuning, a 6.4 point leap (Source: huggingface.co). The SCiEN article notes similar

trends: domains requiring consistency (like financial analysis) benefit from customization. Conversely, RAG usage typically reduces

“hallucinations” – one research line from EmergentMind (retrieval augmentation) confirms that feeding LLMs relevant knowledge drastically cuts

factual errors (Source: www.emergentmind.com). (While quantitative studies of hallucination rates depend on task definitions, practitioners

uniformly report that RAG yields more trustworthy answers than vanilla LLM alone (Source: pollington.medium.com) (Source: ihower.tw).)

Cost Metrics: The cost of fine-tuning has two parts: the initial training and the ongoing inference cost. OpenAI’s published rates (Source:

openai.com) give concrete figures: training at $0.008/1K tokens is negligible for moderate-size datasets. For example, training a 200k-token

dataset for a few epochs might only cost $5–10. Inference for fine-tuned models is slightly higher than base models (GPT-3.5 Turbo fine-tuned:

$0.012/1K in, $0.016/1K out (Source: openai.com), but the prompt lengths are much shorter. SCiEN’s example states fine-tuned calls cost 60–

80% less than API calls, mainly because the optimized model needs about 3× fewer tokens per answer (Source: www.scien.dev) (Source:

www.scien.dev). In press terms, they cite Netflix saving $2M/year and breaking even on the fine-tuning project in less than a year (Source:

www.scien.dev). Thus, cost-defense for fine-tuning is strong at scale.

Adoption Statistics: While 2026 surveys are scarce, industry sentiment indicators point to rapid enterprise AI growth. Pollington cites that a

majority of executives expect LLMs to figure prominently in their strategy in the next 3–5 years (Source: pollington.medium.com). Oracle reported

adding “over 200 AI-powered features” to NetSuite in 2024-25 (Source: www.houseblend.io). Microsoft and Oracle claim high demand for copilot-

style features in ERPs. Notably, Oracle’s generative AI PR highlights major use-cases (finance, supply chain, HR) and explicitly targets

performance and compliance (Source: www.oracle.com) (Source: www.oracle.com). This suggests strong vendor confidence that the market will

leverage AI on ERP data.

Comparative Studies: Research like that underlying the SCiEN blog provides more controlled evidence. They reference an ArXiv study which

found that adding retrieval to an LLM can make it outperform a model that was fine-tuned on static data (Source: www.scien.dev). Another

referenced IBM analysis concludes that generative agents with context outperform closed-book models substantially (Source:

pollington.medium.com). While these are not NetSuite-specific, they are directionally applicable: the more up-to-date and voluminous the data,

the more RAG will shine. On the other hand, for style-related metrics (e.g. user experience ratings), organizations report higher user satisfaction

when the AI speaks “their language” – a qualitative but consistent finding in customer trials (Source: www.allaboutai.com) (Source: ihower.tw).

These data points, while drawn from various industries, have clear parallels to a NetSuite scenario. Finance/ERP firms, in particular, often operate in

regulated high-stakes environments; hence the example of banks and insurance building domain LLMs is instructive. In short, the trend-data and

case-data consistently affirm that domain adaptation (whether by fine-tuning or RAG) improves performance significantly over vanilla LLMs (Source:

pollington.medium.com) (Source: www.scien.dev).

Perspectives and Considerations
A full evaluation must consider multiple viewpoints. Here we discuss diverse perspectives from experts, potential pitfalls, and strategic decisions:

When Not to Fine-Tune: Some experts argue that most businesses can succeed without the expense of fine-tuning. The Springbok piece is

particularly emphatic: it asserts that the new wave of AI startups and cloud arms offers strong privacy protections, so unless you have an iron-clad

requirement to keep all data on-premise, you might not need your own model (Source: www.springbok.ai) (Source: www.springbok.ai). They

recommend “prompt architecting” (building software around the LLM) as a practical mid-road – essentially, a customer could leverage ChatGPT or

Claude as-is and shape usage via prompts and post-processing, avoiding fine-tuning costs (Source: www.springbok.ai) (Source:

www.springbok.ai). This viewpoint is valuable: it reminds companies to first try lightweight approaches before deep integration. If existing LLMs +

clever prompting + RAG give 90% of desired performance, pursuing a costly custom model may not be justified. This is especially true for small

firms or those with minimal proprietary process.

Domain-Specific Fine-Tuning Gains: On the other hand, certain sectors have clear need. For example, healthcare and law have already seen

research models (Med-PaLM, Law-focused agents). NetSuite’s domain (multi-industry ERP) might not need a universal model, but individual
companies often have complex, siloed knowledge. A major manufacturing client might find that generic ChatGPT misses their product terminology

or regulatory norms, so fine-tuning on their operational manuals adds value. Similarly, for sensitive internal tasks (e.g. expense analysis),

organizations may simply not want to transmit data offsite at all. In these cases, a local fine-tuned LLM is not only useful, but necessary for

compliance or brand reasons.
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Reliability and Testing: There is broad agreement that generative AI still requires human oversight. The Houseblend report explicitly warns that

“generative AI is not a panacea” and outputs must be validated (Source: www.houseblend.io). Likewise, ScaleAI emphasizes rigorous evaluation

with humans-in-the-loop (Source: ihower.tw). This implies governance processes: for example, in a NetSuite context, perhaps only managers can

finalize LLM-suggested pipeline changes, or financial summaries are reviewed by accountants. Technically, companies can use chain-of-thought

or answers with citations to aid trust, but fundamentally a ‘safety net’ is prudent.

Long-Term Maintenance: Fine-tuning is not a one-shot solution. As business changes, retraining may be needed. Suppose a company launches

a new product line; the fine-tuned model must learn about it or it will choke on related queries. The model’s knowledge will also stale if it never

sees new quarterly data. Hybrid strategies mitigate this: the RAG component always sees current data, but the fune-tuned “style” may drift.

Companies should plan periodic retraining/refresh – whether weekly, monthly, or event-driven (e.g. at major ERP upgrades) – depending on how

fast their domain changes.

Deployment and Latency: A practical perspective is response time. Retrieval requires an additional DB lookup step and longer prompts, possibly

increasing latency. Fine-tuned smaller models can respond very quickly (SCiEN notes fine-tuned 7B models can infer ~3× faster than GPT-4-like

size (Source: www.scien.dev). If the NetSuite application demands sub-second answers (e.g. live chat with sales reps), a local fine-tuned model

might outperform an API-driven RAG approach. Some engineers thus choose a tiny hybrid: small local model for initial response, supplemented

by periodic calls to a larger LLM for complex queries.

Vendor and Ecosystem Lock-in: Relying solely on one cloud provider (e.g. Oracle Cloud vs. Azure vs. AWS) has pros/cons. Oracle’s built-in

N/LLM is convenient for NetSuite, but you are then tied to Oracle’s AI ecosystem. OpenAI or Azure OpenAI offer cutting-edge LLMs but involve

moving data or replicating data to those clouds. A careful business must weigh this: if Oracle’s guarantees (no data exfiltration (Source:

www.oracle.com) are paramount, native tools win. If broader model choice is needed, cloud APIs might be preferable.

Emerging Models: Finally, looking ahead, new LLMs with enormous context windows (100k+ tokens) and domain-specialized models (e.g.

Llama 3.1, Google’s Gemini) are maturing. The SCiEN article’s “context window trap” shows that even 200k-token models can perform worse on

mid-context tasks (Source: www.scien.dev), so having some data carved out (as fine-tuning does) still helps. However, over the next few years

dramatic improvements in retrieval and model architectures may shift best practices. For example, retrieval itself is increasingly integrated (LLM

providers building search into models). Companies should stay agile: a pipeline that today fine-tunes GPT-3.5 may tomorrow switch to fine-tuning

a Llama-3 variant locally, or leverage integrated vector search on Oracle’s cloud.

In sum, decision-makers must balance capabilities, costs, and risk. The multi-faceted evidence suggests: if your NetSuite use-cases involve
sensitive or highly specialized knowledge, expensive mistakes, or require on-prem integration, fine-tuning your own LLM is likely
warranted. For more general queries among public data, simpler methods may suffice.

Risks, Challenges, and Mitigations
Several challenges arise when fine-tuning LLMs on internal data:

Data Privacy and Compliance: Using proprietary data for training triggers security reviews. Oracle’s model – where “no data is shared with LLM

providers” (Source: www.oracle.com) – sets a high bar. If one uses a public API, ensure compliance: configure the endpoint to not store queries if

possible, anonymize sensitive fields, and rely on the provider’s privacy guarantees. In regulated industries (finance, healthcare), it may be non-

negotiable to fine-tune/store models in-house. Mitigation: maintain an access control policy for who can fine-tune and query, and log all inference

requests.

GPT Hallucinations and Incorrect Outputs: No matter what, LLMs can produce plausible but incorrect text. Fine-tuning can reduce this by

grounding patterns (e.g. “always retrieve X field”), but it won’t fully eliminate odd outputs. Mitigation: combine RAG’s citations (so users can check

facts)、restrict the LLM to generate only certain templates, or post-process outputs with rule-based checks. Advanced measures: use RAG not

only for retrieval but also for contradiction-detection or fact-checking loops.

Bias and Fairness: If company data contains biased language or if fine-tuning examples reflect historical disparities, the LLM will reproduce

them (for example, favoring certain clients or roles). Mitigation: incorporate bias checks in dataset creation; use fairness tools to audit outputs;

possibly apply corrective fine-tuning or filtering.

Over-Reliance and User Expectations: Employees may over-trust LLM outputs, assuming they are “AGI-like.” Training should emphasize that

the system is an assistant, not an oracle. Also, because the model is an approximation, it might state things as facts even when unsure.

Companies should calibrate user expectations; e.g. flag that outputs need human validation especially if critical.
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System Integration & Performance: Deploying a custom LLM (or calling one) within existing NetSuite workflows requires engineering effort.

Questions to address: how to get the LLM’s output back into NetSuite records? Do we log all queries for audit? What if the LLM API is down? Part

of “installation” is building middleware. One approach: write a Suitelet or RESTlet that handles LLM calls and updates records (for automated

emails, use RESTlets triggered by workflows). Solutions like SuiteFlow can call out to scripts. The Houseblend report mentions embedding LLM-

generated suggestions right into NetSuite workflows for triaging (Source: www.houseblend.io). Testing for latency and load (especially if many

users ask questions simultaneously) is also key.

Model Lifecycle Management: Over time, your model may become outdated or inaccurate. You should track metrics (accuracy on test queries),

incorporate user feedback, and retract the model if it degrades. Best practice is to version-control your fine-tuning datasets and scripts, so that

you can reproduce and audit any model. Evaluate the model after each NetSuite data schema change to ensure it still works correctly.

Future Directions
LLM technology is advancing rapidly, and so will its integration with enterprise systems:

LLM Deployment Paradigm Shifts: We foresee a rise of specialized “enterprise LLM suites” – complete toolchains that unify data ingestion,

vector search, and fine-tuning in one package. Already, Oracle’s embedded AI and Microsoft’s Copilot in Dynamics are early examples. Soon,

NetSuite itself might offer GPT-4 customization directly in the UI. In parallel, open-source LLMs are improving. The arrival of LLaMA 3 and stable

long-context models (some claiming >100k token windows) could diminish the need for RAG for some applications, as huge portions of company

repositories could fit in context. However, real bottlenecks (token costs and attentional focus) remain, so RAG will likely endure.

Multimodal and Domain-Specific LLMs: Current fine-tuning assumes textual data. But NetSuite has images (product photos), PDFs (invoices),

and possibly voice records (calls). Future research will incorporate multimodal fine-tuning to let an LLM reason about images and text together.

An example future task: “Upload a product photo and ask its total sales”, requiring vision+database retrieval. Similarly, domain-specific LLMs for

ERP/Finance are under development (e.g. BloombergGPT for news, Med-PaLM for healthcare). Industry collaboration could yield a public “ERP

LLM” trained on anonymized datasets from multiple companies.

Regulation and Standards: Big news is emerging in AI regulation. The EU AI Act (enacted 2024) categorizes enterprise data assistants as “high

risk,” demanding transparency, auditing, and human oversight. Companies fine-tuning LLMs will need to demonstrate logs of model behavior, risk

assessments, and clear user interfaces (warnings about uncertainty). This regulatory pressure will shape enterprise deployments. For example, it

may drive the use of proof-of-use: LLM answers might have attached provenance (like the citations N/LLM provides (Source: blogs.oracle.com).

Continuous Learning Systems: Instead of static fine-tuning, future systems may involve continual learning. Imagine a pipeline where every

corrected answer (user feedback) is added to the dataset and the model is periodically retrained or adapted with techniques like LoRA (Low-Rank

Adapters). This would create an AI that gradually “knows” exactly what its users want. Early research into RLHF-like continuous training suggests

this can improve satisfaction over time. Systems like self-supervised fine-tuning (where the LLM generates potential answers and a separate

verification model selects the best) might also mature.

Economics of Scale: As more companies adopt these techniques, a thriving ecosystem will emerge. We may see “LLM fine-tuning service

bureaus” that offer to do the entire data curation and training for you, as well as standardized connectors for common ERPs like NetSuite. That

could lower skill barriers for modest companies. On the other hand, given the Springbok argument, it’s also possible that specialized LLM

consultancies (like intuitionlabs.ai) become the norm rather than in-house teams, especially for compliance-heavy industries. (IntuitionLabs does

enterprise AI workshops, for instance.)

Conclusion
Fine-tuning an LLM on your company’s NetSuite data is a complex but potentially high-payoff venture. The readings and examples compiled here

show that fine-tuning can transform an LLM from a generic language tool into a company-specific assistant. When paired with robust retrieval

from the live ERP, the hybrid approach can yield AI interfaces that answer questions reliably using up-to-date internal data (Source: blogs.oracle.com)

(Source: www.houseblend.io). This enables tasks that were previously tedious: automated report generation, instant Q&A on sales or finance, and

proactive content creation (emails, narratives) all become feasible with much less human effort than before.

Yet this power comes with responsibility. The quality of the outcomes hinges on the quality of inputs: curated training examples, clean data, and

rigorous testing. All evidence suggests that rushing to deploy without that care will yield disappointing results (or worse – erroneous decisions).

Enterprises must integrate AI governance, clearly define use-case scopes, and proceed iteratively. A prudent approach is: start by augmenting your
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systems with an off-the-shelf LLM and see what added value emerges; then, for core tasks that fail to meet standards, invest in fine-tuning or

advanced pipelines. Throughout, measure your KPIs: Are answers more accurate? Are employees saving time? Does forecast accuracy improve?

This evidence loop will justify the investment.

In conclusion, the frontier of AI in enterprise is unfolding rapidly. For NetSuite-centric companies, the key enabler is leveraging their unique data with

LLMs. Our survey concludes that fine-tuning can significantly sharpen the AI’s performance, provided it is done thoughtfully alongside other

techniques. As one engineer put it, teaching an AI to “think like your experts” can be the difference between a gimmick and a game-changing

productivity tool (Source: www.scien.dev). The future increasingly belongs to those who unlock the synergy of LLMs and enterprise systems, turning

corporate data into actionable insights with natural language ease.
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