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Lack of True Understanding
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reproduce any falsehoods or biases present in that data (Weise & Metz, 2023). 2. Limitations of

Generative Models: Generative Al models function like advanced autocomplete tools: They're
designed to predict the next word or sequence based on observed patterns. Their goal is to generate

plausible content, not to verify its truth. That means any accuracy in their outputs is often coincidental.

As a result, they might pr ntent th ndsr nabl is in I ‘Brien, 2023). 3.
Inherent Challen in Al Design: Th hnol hin nerative Al |

montecarlodata.com
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# Context window limitations
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Static Knowledge Base
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1. Training D :
data. while rich in information. contains both accurate and inaccurate content. as well as societal and

cultural biases. Since these models mimic patterns in their training data without discerning truth. they

can reproduce any falsehoods or biases present in that data (\Weise & Metz, 2023). 2. Limitations of

Generative Models: Generative Al models function like advanced autocomplete tools: They're

plausible content, not to verify its truth. That means any accuracy in their outputs is
mitsloanedtech.mit.edu
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In short, the “hallucinations” and biases in generative Al outputs result from the nature of their training
data, the tools’ design focus on pattern-based content generation, and the inherent limitations of Al
echnology. Acknowledging and addressing these challenges will be essential as generati
systems become more integrated into decision-making processes across various sectors.
ibm.com

What Are Al Hallucinations? | IBM

hallucination in machine learning algorithms is input bias. If an Al model is trained on a dataset
comprising biased or unrepresentative data, it may hallucinate patterns or features that reflect these

biases.
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differentiate between what'’s true and what’s not true. Even if generative Al models were trained solely
on accurate data, their generative nature would mean they could still produce new, potentially
inaccurate content by combining patterns in unexpected ways (Weise & Metz, 2023).
mitsloanedtech.mit.edu

When Al Gets It Wrong: Addressing Al Hallucinations and Bias - MIT Sloan Teaching & Learning
Technologies

For an example of how Al hallucinations can play out in the real world, consider the legal case of Mata
v. Avianca. In this case, a New York attorney representing a client’s injury claim relied on ChatGPT to

conduct his legal research. The federal judge overseeing the suit noted that the opinion contained

internal citations an hat were nonexistent. Not only did the chatbot make them it even
stipulated they were available in major legal databases (Weiser, 2023).

openai.com

Why language models hallucinate | OpenAl

100%

marginalrevolution.com
What is an optimum degree of LLM hallucination? - Marginal REVOLUTION

@

form of creativity. Many of these hallucinations are simple factual errors. but many others have
embedded in them alternative models of the world. Interesting models of the world. Ideas and
inspirations. | feel | know what question to ask or which task to initiate.
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transparency and accuracy in complex tasks (Wei et al., 2022). 5. Adjust the Tool’s Temperature:

Temperature is a setting that controls how random or creative the model’s responses are. In tools that

factual outputs—especially for well-defined prompts. A higher temperature (e.q.. 0.7—1.0) encourages

more varied and imaginative responses, making it better suited for open-ended tasks like
brainstorming or storytelling.
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# Reduced hallucinations
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only an old encyclopedia. This limitation led Meta Al researchers to introduce RAG in 2020 as a
solution.
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The practical implications are significant. If you ask a traditional language model about yesterday’s

training data. A RAG-powered model, however, would search its connected database for the most
recent financial information and deliver an accurate, timely response. This approach transforms Al

applications from static knowledge repositories into dynamic tools that can access and incorporate
fresh information whenever needed.

il | it ed
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Technologies
3. Use Retrieval-Based Tools: Some generative Al tools are built with Retrieval-Augmented

sources—such as your syllabus, research article, or case PDF—before generating output. Research
has shown that RAG improves both factual accuracy and user trust in Al-generated answers (Li et al.

2024). 4. Use Clear and Structured Prompts: The quality of Al output is closely tied to how specific
your input is. Vague prompts often lead to vague—or even inaccurate—answers. You can reduce this
isk | . . I
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# Traceability and verification
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# Building and maintaining retrieval infrastructure
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Because the model’s weights are adjusted during fine-tuning, the resulting model can generate
responses that are more accurate and contextually appropriate for the domain it's tuned on. A

fine-tuned legal Al doesn’t just know legal terms; it understands when to use “whereas” clauses, how
to structure legal arguments, and which precedents typically apply to different situations. Similarly, a

medical Al fine-tun n clinical notes learns not just medical v | t also th nci ifi

way doctors document patient encounters. The model tends to use the correct jargon naturally, follow

desired formats without explicit prompting, and handle niche questions that would stump a generic
model.
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# Efficiency gains through model optimization
montecarlodata.com

RAG Vs. Fine Tuning: Which One Should You Choose?
# Data and computational requirements

mon rl .com
RAG Vs. Fine Tuning: Which One Should You Choose?

Fine-tuning an LLM requires a lot of high-quality, labeled data and computational resources that many
organizations struggle to provide. Preparing the dataset can be labor-intensive, involving extensive

data collection, cleaning, and labeling processes that might take weeks or months. A healthcare
organization fine-tuning a model for medical diagnosis assistance might need thousands of accurately

label i h verifi .

powerful GPUs or TPUs, especially for large models. with costs that can reach tens of thousands of
dollars for a single fine-tuning run. Even with parameter-efficient methods.
montecarlodata.com

RAG Vs. Fine Tuning: Which One Should You Choose?

# Risk of overfitting

montecarlodata.com

RAG Vs. Fine Tuning: Which One Should You Choose?

# Maintenance and knowledge updates

montecarlodata.com

RAG Vs. Fine Tuning: Which One Should Y. hoose?

Maintaining a fine-tuned model proves challenging when domain knowledge evolves. If new medical

research emerges or laws change, you must update the training data and re-train the model to keep it

rrent. This retrainin | n tak r weeks an t th n f dollars in com

resources. compared to RAG’s approach of simply adding new documents to a database.
Organizations in rapidly changing fields might find themselves in a constant cycle of retraining. with

models becoming outdated before the next version is ready. The lag between identifying needed
updates and deploying a retrained model can leave users

montecarlodata.com

RAG Vs. Fine Tuning: Which One Should You Choose?

# Lack of source attribution

openai.com

Why language models hallucinate | OpenAl

For questions where there is a single “right answer,” one can consider three categories of responses:
accurate responses, errors, and abstentions where the model does not hazard a guess. Abstaining is
part of humility, one of OpenAl’s core values . Most scoreboards prioritize and rank models based on
accuracy, but errors are worse than abstentions. Our Model Spec (opens in a new window) states
that it is better to indicate uncertainty or ask for clarification than provide confident information that
may be incorrect.

openai.com

Why language models hallucinate | OpenAl

but they still occur. Hallucinations remain a fundamental challenge for all large language models. but
we are working hard to further reduce them.
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Extrinsic Hallucinations in LLM
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the model is expected to demonstrate the right level of confidence.
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