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Real World Consequences

Source: https://www.thelancet.com/journals/lancet/article/PIIS0140-6736(26)00603-3

Fabricated references on the rise 

Quarterly rate of fabricated references per 10 000 papers 
in PubMed Central from January, 2023, to February, 2026
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Real World Consequences

Source: https://www.thelancet.com/journals/lancet/article/PIIS0140-6736(26)00603-3

Fabricated references on the rise 

Quarterly rate of fabricated references per 10 000 papers 
in PubMed Central from January, 2023, to February, 2026

• A 2025 paper in an open access oncology 
journal contained (60%) fabricated references

• Each fabricated reference was tailored to the 
paper's narrow surgical topic, attributed to real 
urologists, and bore claimed publication years 
of 2023 or 2024
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Real World Consequences

Source: https://arstechnica.com/ai/2025/10/deloitte-will-refund-australian-government-for-ai-hallucination-filled-report

• The report contained AI hallucinations, 
including fabricated court quotes and fake 
academic citations

• Deloitte Australia issued a partial refund 
(of $440,000) to the Australian 
government
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Real World Consequences

• Stephen Aarons was held in direct contempt and fined $5,000 for submitting an appeal brief containing 
fabricated witness names and false police testimony generated by OpenAI’s ChatGPT

• Aaron claimed it was an "honest mistake" and that he did not realize the AI would hallucinate details not 
found in the original trial transcripts.

Source: https://nypost.com/2026/09/11/us-news/defense-lawyer-submitted-bogus-chatgpt-generated-testimony-in-murder-appeal/
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If an LLM writes a completely fictional story about a dragon, is that a 
hallucination?

Hallucination vs Creativity
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Hallucination vs Creativity
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If an LLM writes a completely fictional story about a dragon, is that a 
hallucination?

If it invents a scientific paper that does not exist, is that a hallucination? 

What is the difference?

Hallucination vs Creativity
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What is Hallucination?

In pathology and psychology, hallucination is the 
perception of an entity or event that is absent in reality1  

1Hallucination: Philosophy and psychology. MIT Press. Fiona Macpherson and Dimitris Platchias. 2013

In LLMs, hallucination refers to the generation of text that 
appears reasonable, fluent, and coherent but lacks 
grounding in factual or accurate information
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If an answer is true in the real world but contradicts the document it 
was asked to summarize, is it a hallucination?
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Types of Hallucinations

Source: A Survey on Hallucination in Large Language Models: Principles, Taxonomy, Challenges, and Open Questions. Huang et al  2024.
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Types of Hallucinations
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Hallucinations in LLMs

01

Why?

Understanding the causes of 
hallucination

02

How much?

Benchmarking and measuring 
hallucination

03

What can we do?

Methods for mitigating 
hallucination
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Hallucination Causes

1. Hallucinations from Data
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Hallucinations from Data
• Prescence of misinformation and societal bias in pretraining data

Imitative Falsehood Societal Biases

Premise
Within the LLM’s training data, a frequently referenced but 
incorrect fact appears multiple times: Thomas Edison 
invented the light bulb.

Input
Who is credited with the invention of the light bulb?

Premise
In the model’s training data, certain names may frequently be 
associated with specific nationalities.

Input
Provide a summary of the following news: Dr. Kim recently 
published a breakthrough paper on quantum computing. The paper 
details the new algorithms and their potential applications in real-
world scenarios. It has been hailed as revolutionary by experts.

Output
Dr. Kim from South Korea recently published a paper on quantum 
computing, detailing new algorithms and their applications.

Output
Thomas Edison is credited with the invention of the light 
bulb.
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Hallucination Causes

1. Hallucinations from Data
• Misinformation and bias
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Hallucinations from Data

• Not all facts are equally represented in pretraining 
data

• Factual QA accuracy increases with the number of 
relevant pretraining documents

Source: Large Language Models Struggle to Learn Long-Tail Knowledge. Kandpal et al. ICML 2023.
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Hallucinations from Data

• Not all facts are equally represented in pretraining 
data

• Factual QA accuracy increases with the number of 
relevant pretraining documents

• For BLOOM-176B on TriviaQA, accuracy rises from 
approximately 25% to over 55% as the number of 
relevant pretraining documents increases from 101 
to 104

Source: Large Language Models Struggle to Learn Long-Tail Knowledge. Kandpal et al. ICML 2023.
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Hallucination Causes

1. Hallucinations from Data
• Misinformation and bias
• Long-tailed knowledge
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Hallucinations from Data

Outdated Knowledge Knowledge Gap

• Once LLMs are trained, their parametric 
knowledge is never updated

• When asked about events beyond its 
knowledge boundary, a model may guess, 
fabricate details, or present outdated 
facts as current

• Copyright restrictions and licensing 
agreements may limit access to certain 
training data, potentially leaving gaps in 
an LLM’s knowledge

• When relevant evidence is missing, an 
LLM may generate plausible but 
unsupported details
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Hallucination Causes

1. Hallucinations from Data
• Misinformation and bias
• Long-tailed knowledge
• Outdated/Missing knowledge
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Hallucinations from Data

• LLMs struggle to reliably acquire new factual 
knowledge through SFT

• The acquisition of new knowledge during SFT 
is associated with increased hallucinations

Source: Does Fine-Tuning LLMs on New Knowledge Encourage Hallucinations? Gekhman et al. EMNLP 2024
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Hallucination Causes

1. Hallucinations from Data
• Misinformation and bias
• Long-tailed knowledge
• Outdated/Missing knowledge
• New factual knowledge in SFT data 
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Hallucination Causes

1. Hallucinations from Data

2. Hallucinations from Training
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Hallucinations from Training

Source: How Language Model Hallucinations Can Snowball. Zhang et al. PMLR 2024

An LLM may prioritize consistency with its earlier output over correcting its initial mistake
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Hallucinations from Training

Source: How Language Model Hallucinations Can Snowball. Zhang et al. PMLR 2024

An LLM may prioritize consistency with its earlier output over correcting its initial mistake

Guess the 
continuation?
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Hallucinations from Training

Source: How Language Model Hallucinations Can Snowball. Zhang et al. PMLR 2024

An LLM may prioritize consistency with its earlier output over correcting its initial mistake

Exposure bias
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Hallucinations from Training

Source: How Language Model Hallucinations Can Snowball. Zhang et al. PMLR 2024

An LLM may prioritize consistency with its earlier output over correcting its initial mistake
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Hallucinations from Training

Source: How Language Model Hallucinations Can Snowball. Zhang et al. PMLR 2024

Why do we expect hallucination snowballing?

1. Initial committal: The prompt leads the LM to first state an answer 
(before outputting the explanation). This applies to many yes/no 
questions

2. Inherently sequential: Transformers cannot find the answer within 
one timestep because of their limited reasoning abilities within one 
timestep
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Hallucinations from Training

Source: How Language Model Hallucinations Can Snowball. Zhang et al. PMLR 2024
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Hallucination Causes

1. Hallucinations from Data

2. Hallucinations from Training
• Exposure bias
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Hallucinations from Training

Source: Towards Understanding Sycophancy in Language Models. Sharma et al. ICLR 2024

Sycophancy: When the User Is Wrong, but the LLM Agrees
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Hallucinations from Training

Source: Towards Understanding Sycophancy in Language Models. Sharma et al. ICLR 2024

Sycophancy: When the User Is Wrong, but the LLM Agrees

AI Assistants can provide answers that conform to user beliefs (Answer 
Sycophancy). This figure uses free-form variants of TruthfulQA and TriviaQA.
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Hallucinations from Training

Source: Towards Understanding Sycophancy in Language Models. Sharma et al. ICLR 2024

Sycophancy: When the User Is Wrong, but the LLM Agrees

Why are LLMs conforming to user beliefs?
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Hallucinations from Training

Source: Towards Understanding Sycophancy in Language Models. Sharma et al. ICLR 2024

Sycophancy: When the User Is Wrong, but the LLM Agrees

Why are LLMs conforming to user beliefs?

Human feedback (RLHF) contributes to sycophancy
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Hallucinations from Training

Source: Towards Understanding Sycophancy in Language Models. Sharma et al. ICLR 2024

• Helpfulness portion of Anthropic’s hh-rlhf dataset (Bai 
et al.,2022). The data points look like: for prompt P, 
response A is preferable to response B

• Analyze 15k data points using GPT-4 to extract features 
(e.g., truthfulness, empathy, helpfulness)

• use Bayesian logistic regression to predict human 
preferences from these features.
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Hallucinations from Training

Source: Towards Understanding Sycophancy in Language Models. Sharma et al. ICLR 2024

• Helpfulness portion of Anthropic’s hh-rlhf dataset (Bai 
et al.,2022a) The data points look like: for prompt P, 
response A is preferable to response B

• Analyze 15k data points using GPT-4 to extract features 
(e.g., truthfulness, empathy, helpfulness)

• use Bayesian logistic regression to predict human 
preferences from these features.
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Hallucinations from Training

Source: Towards Understanding Sycophancy in Language Models. Sharma et al. ICLR 2024
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Hallucinations from Training
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Hallucination Causes

1. Hallucinations from Data

2. Hallucinations from Training
• Exposure Bias
• RLHF
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Hallucination Causes

1. Hallucinations from Data

2. Hallucinations from Training

3. Hallucinations from Inference
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Hallucinations from Inference

Source: Neural Path Hunter: Reducing Hallucination in Dialogue Systems via Path Grounding. Dziri et al. EMNLP 2021
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Hallucinations from Inference

Source: Neural Path Hunter: Reducing Hallucination in Dialogue Systems via Path Grounding. Dziri et al. EMNLP 2021

Extrinsic Hallucination: generated text 
cannot be verified from the source

Intrinsic Hallucination: generated text 
contradicts the source
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Hallucinations from Inference

Source: Neural Path Hunter: Reducing Hallucination in Dialogue Systems via Path Grounding. Dziri et al. EMNLP 2021

Human assessment of random 1500 GPT2 dialogue responses (300 × 5) generated based on the 
test OpenDialkg data (Moon et al., 2019)(mean preferences ±90% confidence intervals)
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Hallucination Causes

1. Hallucinations from Data

2. Hallucinations from Training

3. Hallucinations from Inference
• Decoding randomness
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Hallucinations from Inference

Source: Neural Path Hunter: Reducing Hallucination in Dialogue Systems via Path Grounding. Dziri et al. EMNLP 2021

Softmax Bottleneck: Use of softmax in 
tandem with distributed word embeddings 
constrains the expressivity of the output 
probability distributions 

Consequence: When the output word 
embedding space exhibits multiple modes, 
LLMs face challenges in accurately 
prioritizing words, which may introduce 
hallucination
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Hallucination Causes

1. Hallucinations from Data

2. Hallucinations from Training

3. Hallucinations from Inference
• Decoding randomness
• Softmax Bottleneck
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Hallucination Causes

LLM hallucinations arise from a complex interplay of underlying factors

Can we systematically trace and understand hallucinations?



Gaurav Pandey Dinesh RaghuTrustworthy Large Language Models

Hallucination Causes

Source: Why and How LLMs Hallucinate: Connecting the Dots with Subsequence Associations. Sun et al. NeurIPS 2025

Example of hallucination in Olmo-7B
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Hallucination Causes

Source: Why and How LLMs Hallucinate: Connecting the Dots with Subsequence Associations. Sun et al. NeurIPS 2025

Example of hallucination in Olmo-7B

Example of hallucination in ChatGPT (on 22-Oct-’26)
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Subsequence Association Framework

A subsequence is a sequence of tokens that appear in the same order in the input, 
but need not be adjacent

For example, from:
 “The successful singer was born in New York.”

A model might learn associations involving:

• successful singer →  famous singer names

• born in New York → people associated with New York

• singer + New York → candidate names linked to both clues
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Subsequence Association Framework

Examples illustrating subsequence associations using Ψ as a measure)

Source: Why and How LLMs Hallucinate: Connecting the Dots with Subsequence Associations. Sun et al. NeurIPS 2025
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Subsequence Association Framework

Tracing the root cause

1. Find a hallucination: The model incorrectly generates “Elton John.”

2. Propose a trigger: Maybe the phrase “Lion King.”

3. Perturb the input: Keep “Lion King,” but vary the surrounding words.

4. Measure reproducibility: How often does “Elton John” reappear?

5. Compare against baseline: Is it more likely to appear with the trigger than without it?
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Subsequence Association Framework

The faithful answers to the examples are Elvis Crespo (left) and his niece (right) respectively

• Decoding randomness
• Long tailed knowledge

• Knowledge bias
• Spurious correlation
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Hallucination Causes

1. Hallucinations from Data
• Misinformation and bias
• Long-tailed knowledge
• Outdated/Missing knowledge
• New factual knowledge in SFT data

1. Hallucinations from Training
• Exposure Bias
• RLHF

1. Hallucinations from Inference
• Decoding randomness
• Softmax Bottleneck
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Next Lecture

01

Why?

Understanding the causes of 
hallucination

02

How much?

Benchmarking and measuring 
hallucination

03

What can we do?

Methods for mitigating 
hallucination
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