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Large Language Models (LLMs) have taken the tech and business world by storm. 
Their advanced natural language capabilities have facilitated applications that 
seemed impossible to achieve just a few short years ago. Companies are now 
regularly incorporating LLMs into their tech stack, using models like ChatGPT, 
Claude, and Cohere to drive their applications.



This growing popularity has created a demand for fine-tuning foundation models on 
specific datasets that tailor these advanced algorithms to excel at specific tasks or 
domains. Using fine-tuning techniques and general training data, businesses can 
adapt pre-trained language models to meet their unique needs. The ability to fine-
tune LLMs has opened up a world of opportunities for companies looking to harness 
the power of AI.



What is LLM Fine-tuning?
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Fine-tuning is the process of taking a pre-trained model and further training it on a 
domain-specific dataset, making it more effective and versatile in real-world 
applications.  Users provide the LLM with specific data, which may include 
industry-specific terminology or task-focused interactions, with the goal of helping 
the model generate more relevant responses for a specific use case.  The fine-tuning 
process begins after general training ends. Fine-tuning can be performed both on 
open-source LLMs, such as Meta LLaMA and Mistral, and on some commercial 
LLMs. For example, OpenAI allows fine-tuning for GPT-3.5 and GPT-4.

Source: https://www.turing.com/resources/finetuning-large-language-models
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When Does Your Business 
Need a Fine-Tuned Model?

The decision to fine-tune a model depends on your company's objectives. Here are 
some key scenarios where a business would benefit from fine-tuning�

� Task-Specific Adaptation: Fine-tuning is essential when you have a pre-trained 
LLM, and you want to perform a specific task. For example, a company in the 
legal industry could fine-tune a language model for legal document analysis, 
enabling it to understand and generate text with precise legal terminology and 
context. In the medical field, fine-tuning can help a model interpret and generate 
medical reports, using correct medical language and understanding of patient 
records�

� Limited Labeled Data: Fine-tuning is particularly beneficial when you have 
limited labeled data for your specific task. Instead of training a model from 
scratch, you can leverage a pre-trained model's extensive knowledge and adapt it 
using a smaller, task-specific dataset. For example, a startup developing a niche 
product review platform can fine-tune a pre-trained model to classify customer 
reviews into positive, neutral, or negative categories, even with a limited dataset�

� Time and Resource Efficiency: Training a deep learning model from scratch 
requires substantial computational resources and time. Fine-tuning a pre-trained 
model is more efficient, as it allows you to skip the initial training stages. For 
example, an e-commerce company can fine-tune a pre-trained LLM to enhance 
its product recommendation system, saving time and resources while improving 
the accuracy of its suggestions.
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� Continuous Learning: Fine-tuning is useful for continuous learning use cases 
where the model needs to adapt to changing data and requirements over time. It 
allows you to periodically update the model without starting from scratch. For 
example, a financial institution could fine-tune its fraud detection model 
regularly to adapt to new types of fraudulent schemes and evolving transaction 
patterns�

� Bias Mitigation: If you're concerned about biases present in a pre-trained 
model, fine-tuning can help reduce or counteract those biases by providing 
balanced training data for the fine-tuning process. For example, a social media 
platform can fine-tune a content moderation model to ensure it treats all users 
fairly by addressing biases against specific demographic groups�

� Data Privacy and Security: When working with sensitive data that cannot 
leave a specific environment due to security and compliance concerns, you 
might need to fine-tune a model locally on secure infrastructure, like a Data & 
AI Operating System. This ensures that the model never leaves your controlled 
environment while still being adapted to your task. For instance, a healthcare 
provider can fine-tune a model on their secure servers to analyze patient data 
while maintaining compliance with privacy regulations.

https://www.shakudo.io/blog
https://www.shakudo.io/blog
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Which LLM Fine-Tuning Method 
is Right for Your Business?

There are multiple ways to fine-tune LLM. Here are some�

� Supervised fine-tuning: The most straightforward and common fine-tuning 
approach. The model is further trained on a labeled dataset specific to the target 
task to perform, such as text classification or named entity recognition. For 
instance, to improve translation skills, enter a dataset with instructions like 
"translate this text" followed by the actual text. This method helps the LLM 
learn to follow specific instructions and improve its performance in targeted 
tasks by understanding the expected outputs from specific prompts�

� Parameter-Efficient Fine-Tuning (PEFT):  Also known as few-shot learning, 
this only updates a small subset of the model's parameters during training, 
significantly reducing the memory and computational requirements compared to 
full fine-tuning. Techniques like LoRA (Low-Rank Adaptation) and QLoRA 
(Quantized Low-Rank Adaptation) can reduce the number of trainable 
parameters by thousands of times. This helps the model have a better context of 
the task without an extensive fine-tuning process�

� Transfer learning: This leverages a model trained on a broad, general-purpose 
dataset and adapts it to specific tasks using task-specific data, allowing the 
model to perform a task different from the task it was initially trained on. This 
method is useful when data or resources are limited, as it builds on the 
knowledge already embedded in the pre-trained model.  
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� Domain-specific fine-tuning: This type of fine-tuning tries to adapt the model 
to understand and generate text that is specific to a particular domain or industry. 
The model is fine-tuned on a dataset composed of text from the target domain to 
improve its context and knowledge of domain-specific tasks. For instance, to 
generate a chatbot for a medical app, the model would be trained with medical 
records, to adapt its language understanding capabilities to the health field�

� Sequential Fine-Tuning: This adapts a model to a series of related tasks in 
stages. For example, a general language model might first be fine-tuned for 
financial language and subsequently for insurance-related products. This method 
ensures the model can retain its performance by building on each successive 
fine-tuning step.
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 A Step-by-Step Guide to Fine-
tuning a LLM

Fine-tuning a pre-trained model for your specific use case or application requires a 
well-defined process to ensure an optimized outcome. Here are the steps to follow:


Step 1. Prepare the data 
In this first step, you will need to ready your dataset for fine-tuning by cleaning it 
up, formatting the text, filling in missing values, and any other pre-processing 
needed to ensure it's compatible with the model’s requirements.


Step 2. Choose the right pre-trained model 
It’s essential to select a pre-trained model that aligns with the specific requirements 
of the target task or domain. To be better prepared for this decision, it's important to 
understand the LLM’s size, architecture, input/output specifications, and 
performance on relevant tasks.


Step 3. Identify the right parameters for fine-tuning 
Configuring the fine-tuning parameters, such as the learning rate, number of training 
epochs, and batch size, will determine how the model adapts to the new task-specific 
data. A best practice is to freeze earlier knowledge layers while training the final 
layers to ensure the LLM retains the general knowledge gained during pre-training 
while allowing the final layers to adapt specifically to the new task.


Step 4. Validate the model 
Validation involves monitoring the model's performance on a separate validation 
dataset throughout the training process. Metrics such as accuracy, loss, precision, 
and recall provide insights into the model's effectiveness. By assessing these 
metrics, you can gauge how well the fine-tuned model is performing on the task-
specific data and identify potential areas for improvement.
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Step 5. Iterate the model 
Fine-tuning is often an iterative process. Based on the evaluation results, you may 
need to make further adjustments to the model's architecture, hyperparameters, or 
training data to improve its performance.


Step 6. Deploy the model 
After successful validation and testing, the fine-tuned model can be deployed for 
real-world use. It can now be integrated into software systems or services for tasks 
like text generation or recommendations.


Step 7. Add security measures 
Implement robust security measures to protect your LLM and applications from 
potential threats and attacks. Regular security audits and updates are essential to 
maintain trustworthiness in real-world scenarios.`
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LLM Fine-Tuning Best Practices


Start with a small-size model to keep it 
simple and use less resources


Ensure the dataset Is high quality to 
minimize errors, allowing the model to 
be more accurate and reliable.


Adjust hyperparameters parameters like 
learning rates, batch sizes, and the 
number of training epochs to find the 
best setup


Start with subsets of data to identify 
potential issues early in the training 
process

Experiment with diverse input types—
such as structured data, unstructured 
text, images, or even tabular data—to 
build versatility


Regularly evaluate the model's progress 
during training to track its effectiveness 
and implement required modifications. 
Avoiding LLM Fine-Tuning Pitfalls
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LLM fine-tuning is not always smooth sailing. There are some challenges and 
disadvantages that need to be considered before applying it to a real-world problem. 
Here are some of the challenges you may encounter:


Overfitting 
Overfitting occurs when the model becomes overly specialized on the training data 
and performs poorly using data it has not seen before. This risk is amplified when 
the task-specific dataset is small. Overfitting results in a model that lacks the ability 
to generalize, which is critical for practical applications.


Catastrophic Forgetting 
Catastrophic forgetting occurs when a model, after being fine-tuned with new data, 
loses the information it had originally acquired during training. For example, a 
model trained initially on a broad range of topics might forget certain general 
concepts if it is intensely retrained on a niche subject.


Bias Amplification 
Pre-trained models inherit biases from their training data, which can be 
inadvertently amplified during fine-tuning. This amplification may lead to biased 
predictions and outputs, potentially causing ethical concerns.


Hyperparameter Tuning Complexity 
Hyperparameters need to be carefully adjusted to strike a balance between learning 
efficiently and avoiding overfitting, which can be intricate and time-consuming, 
computationally expensive, and require extensive resources to run numerous 
training cycles.

 Challenges and Limitations of 
LLM Fine-Tuning
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Data Requirements 
Fine-tuning requires high-quality, sufficiently large, and representative training data 
matching the target domain and task. Quality data is relevant, accurate, consistent, 
and diverse enough to cover the possible scenarios and variations the model will 
encounter in the real world. Inadequate or noisy data can negatively impact the 
model's performance and reliability.


Unintended Outputs 
Fine-tuning cannot guarantee that the model consistently produces correct or 
sensible outputs. It may generate plausible but factually incorrect responses, 
requiring vigilant post-processing and validation.


Model Drift 
Over time, a fine-tuned model's performance can deteriorate. Regular monitoring 
and re-fine-tuning may become necessary to maintain optimal performance and 
adapt to evolving conditions.
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Sentiment Analysis: Fine-tuning models on specific company data or unique tasks 
helps businesses accurately analyze and understand sentiment in text. This provides 
valuable insights from customer feedback, social media posts, and product reviews, 
which inform decisions, marketing strategies, and product development. For 
example, on social media, a fine-tuned model can track public sentiment towards a 
retail brand, allowing for proactive reputation management and targeted customer 
engagement.


Named Entity Recognition (NER): This enhances the precision and accuracy in 
recognizing and classifying the names of individuals, organizations, locations, and 
other key entities. For example, a news agency can fine-tune an NER model to 
accurately identify and classify entities in news articles. This helps automate the 
tagging of articles, improve search functionality, and streamline content 
management.


Text Generation: This allows the LLM’s output to adhere to specific writing styles, 
tones, or themes, making it ideal for creative writing, content creation, and chatbot 
applications. An example is a marketing firm that fine-tunes a text generation model 
to produce marketing copy that aligns with their client's brand voice and tone.


Translation: Fine-tuning models for specific languages improves the quality and 
precision of translations, ensuring high-quality translations that are contextually 
accurate. For example, this would help a global e-commerce company improve 
translations between English and Spanish for their website content, ensuring that 
product descriptions, customer reviews, and other critical information are accurately 
conveyed to Spanish-speaking customers.

Use Cases for fine-tuning 
applications
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Text Summarization: Fine-tuned models automatically generate concise and 
informative summaries of long documents, articles, or conversations, facilitating 
efficient information retrieval and knowledge management. For example, a research 
institute could use this model to condense extensive research papers, allowing 
scholars to quickly grasp key findings and insights.


Question Answering: Models fine-tuned for question answering have the ability to 
comprehend and extract relevant details, providing accurate and context-aware 
responses based on contextual information. This is commonly used in customer 
service departments for common customer inquiries.


Conversational Agents: Fine-tuning chatbots to generate more contextually 
relevant and engaging conversations improves customer interactions and provides 
personalized assistance across various industries such as customer service, 
healthcare, e-commerce, and finance. In healthcare, a fine-tuned chatbot answers 
detailed medical queries and offers support, augmenting patient care and 
accessibility to healthcare information.

Source: https://www.assemblyai.com/blog/fine-tuning-transformers-for-nlp/
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Fine-tuning LLMs has been made easier with the wide range of impressive Open 
Source tools available. However, covering each tool's licenses or subscription fees 
can add up quickly. Also,  deploying each new AI tool could take weeks after red 
tape, stack configuration, and rigorous
testing. With a commercial platform like 
Shakudo’s Data & AI OS, all of these tools are available for one monthly fixed 
price. Trying out a new tool takes five minutes with one click. The simplicity of use 
eliminates the need for data scientists to act as admins and reduces friction for non-
DevOps engineers in getting their work into production.



Security is another key concern. Enterprises are often wary of sending their most 
sensitive data, like CRM or financial information, to the cloud for fine-tuning. With 
Shakudo’s Data &AI OS, your fine-tuning activities take place in your own Virtual 
Private Cloud (VPC), eliminating any data privacy concerns.


Why Smart Enterprises Fine-Tune 
LLMs with a Data & AI OS in a VPC
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Benefits of Fine-Tuning LLMs 
on Data & AI OS

Data Security: For highly secure environments, fine-tuning LLMs on an OS is 
preferable. It ensures full control over your data, unlike using external API 
endpoints which pose security risks. This model also significantly reduces the 
compliance burden as the data does not leave your controlled environment. Fine-
tuning models inside your VPC ensures that all data querying happens within your 
secure network infrastructure, minimizing the risk of unauthorized access and data 
breaches.



DevOps Resources: Building a custom AI infrastructure requires costly and time-
consuming DevOps resources. A typical project is likely to take about 24 months of 
engineering effort, plus the ongoing salaries for 2-3 DevOp engineers, which can 
average $300-400K.  A data and AI OS with fixed fees can significantly reduce these 
costs and eliminate the need for extensive DevOps resources, making it a more 
viable option for working with LLMs.



Time to Value: Fine-tuning a model requires significant work before you can start 
gaining value. With an OS, the time to value is much shorter because the 
connections are all done for you—you can just start using it with a few clicks. 



Easier Maintenance: AI evolves quickly. What’s trending today might be outdated 
in two weeks or six months from now. An OS provides frictionless access to the 
latest tools for fine-tuning, ensuring you always have the best models without the 
headache of upgrades and migrations. An OS allows you to keep the door open for 
better LLM models and fine-tuning tools to be swapped in the future.
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Tools for fine-tuning LLMs

Hugging Face Transformers Library


Popular for working with transformer 
models like BERT, GPT-3, and others. 
Provides pre-trained models and 
utilities for fine-tuning them on your 
specific task.


DeepSpeed


A deep learning optimization library 
developed by Microsoft that can 
accelerate fine-tuning, especially for 
LLMs.

PyTorch


A widely used open-source machine 
learning library. Can be used to fine-
tune a LLM like BERT.

TensorFlow


An open-source machine learning 
framework developed by Google. It 
provides tools and libraries for building 
and training neural networks, including 
capabilities for fine-tuning LLMs.

Simform's Guide


A comprehensive guide on fine-tuning 
LLMs, covering fundamentals, training 
data methodologies, strategies, and 
best practices.

Lakera


Establishes strong security measures to 
safeguard LLM and applications from 
potential threats and attacks.

https://www.simform.com/blog/the-gpt-model-comprehensive-guide/
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LLM Fine-tuning:

Now and in the Future

As AI continues to evolve, the importance of fine-tuning LLMs will only increase. 
Businesses that master the art of fine-tuning will be better equipped to tailor AI 
solutions to their specific needs, driving innovation and efficiency. Looking to the 
future, advancements in fine-tuning techniques and tools will further simplify the 
process, making it more accessible and effective for a wider range of applications. 
The potential for LLMs to revolutionize industries is immense, and companies can 
only benefit by staying ahead of the curve in fine-tuning practices. To learn more 
about how Shakudo’s Data & AI OS can help you navigate your fine-tuning process, 
click here.

https://www.shakudo.io/


ABOUT SHAKUDO

Shakudo creates compatibility across the best-of-breed data tools for a more 
reliable, performant, and cost effective data and AI operating system. As an 
operating layer on top of your cloud Shakudo allows you to pick the best-of-
breed data tools for your needs, while providing a platform with fully 
automated DevOps experience. This combines the best of both worlds in data 
stack practices so you can focus on delivering business value with data. 


Shakudo is the most easy, secure, cost-effective, scalable way to bring the 
most advanced data and AI tools to your data. Find out more at shakudo.io.

https://www.shakudo.io/
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